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Abstract 
Multi-spectral imagery captured from drones, also known as remote piloted aircraft systems 
(RPAS) or unmanned aerial systems (UAS), is becoming increasingly popular for the non-
invasive monitoring and managing of various horticultural crops. However, being highly 
configurable systems, variations in the way the drone data are collected, corrected and 
analysed can have serious implications on its accuracies for measuring and predicting 
parameters of tree structure and condition. Many studies have identified that different data 
acquisition parameters such as image overlap, flying altitude, radiometric and geometric 
corrections can influence the integrity of the image data. Yet, little quantification of these 
effects nor the establishment of best practice for multi-spectral drone imagery data collection 
has been established.  
To address the knowledge gaps, this thesis developed a workflow that identifies optimal 
procedures for the acquisition, correction, and extraction of spectral data from a drone when 
used to measure the condition and structural properties of horticultural tree crops. It 
consisted three objectives: (1) to determine the optimal data collection protocols for 
acquiring multi-spectral drone imagery over horticulture tree crops; (2) to determine the 
optimal correction methods for multi-spectral drone image data for acquiring imagery over 
horticultural tree crops; and (3) to determine the accuracies of measuring and mapping 
canopy structural properties and condition of a horticultural tree crop using multi-spectral 
drone imagery. Twenty-seven flights were conducted with different combinations of flight 
plan variables to acquire images over an avocado orchard. The images were processed, 
corrected, and extracted and compare with the in-situ measured tree structures to determine 
the accuracies. The influences of flight plan variables on accuracies were calculated using 
partial least square regressions. Temporal near-coincident image products with different 
correction approaches were compared using box-and-whisker comparison to assess the 
radiometric characteristics. The highly correlated image-derived tree structures were 
imported into a random forest classifier to rank the avocado tree condition to a modified 
Ciba-Geigy scale and compared with the in-situ assessed condition. 
More specifically, this study: (1) determined the impacts of different flight variable 
combinations and data acquisition settings on data integrity; (2) determined the influence 
different image correction approaches have on data integrity; (3) developed an optimal 
workflow from the first two outputs that may serve as one possible  standard for future drone 
data acquisitions over tree crops; and (4) integrate the learnings achieved from the three 
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objectives to determine the accuracies of multi-spectral drone imagery for measuring the 
structure and condition of individual avocado trees. 
The main findings of this thesis were:  
 Five recommendations for acquiring multi-spectral drone imagery over horticulture tree 
crops. These included: (1) flying direction along the hedgerow; (2) using a smaller image 
pitch angle; (3) the effect of flying speed is uncertain, but it should be considered 
incorporated with the image input/output limit for sufficient image forward overlap; (4) 
ensuring a high solar elevation at the time of image capture; and (5) set image forward 
overlap as high as possible (>80%). The final recommendation was considered to be of 
the highest importance.  
 An image side-lap of between 70% and 80% was identified to be optimal in terms of 
maximising the quality of point cloud density and structure estimation accuracy. The 
optimal altitude was suggested based on different flying scenarios, should also be 
considered based on the requirement of pixel ground sample distance (GSD).  
 The radiometric characteristics of multi-spectral drone imagery are complicated due to 
the image acquisition process from image collection to corrections. There is a potential 
to achieve accurate radiometric correction by solving the solar-surface-viewing 
geometry to produce accurate bidirectional reflectance distribution function (BRDF) and 
applying an accurate sensor energy-to-signal conversion equation with simultaneous 
irradiance measurements.  
 For the remote measure of tree structure and condition (plant projective cover), tree 
height and a combination of mean and standard deviation of near-infrared (NIR) digital 
number (DN), the grey level co-occurrence matrices (GLCMs) of standard deviation, 
homogeneity, dissimilarity, and contrast of NIR band were found to be accurate. A 
random forest classification of these extracted canopy attributes was 98% accurate in 
ranking avocado tree condition to a modified Ciba-Geigy scale from 1 to 4, representing 
excellent condition to fair condition.  
This thesis fills an essential knowledge gap by determining the basic influences of 
acquisition and processing protocols on the accuracy of final drone image products. The 
findings contribute to the fundamental understanding of optimal settings for multi-spectral 
drone imagery acquisition to maximise the accuracy of output spatial data products to be 
used for horticulture crop management.  
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1.1. Background 
Tree crops contribute a large proportion of the global agricultural economy (Barlow, 
1997) and are considered to be essential contributors to the future food and nutritional 
security of a growing global population (Davies and Bowman, 2016). In Australia, a report 
by Econtech et al. (2005) identified that fruit production and growing activities contributed 
16% to the total agriculture-dependent gross domestic product (GDP). Hence, suitable 
generation and adoption of techniques for crop management of orchards are important to 
minimise production costs and maximise productivity and quality (Ushaa and Singh, 2013, 
Barlow, 1997). In order to achieve such a goal, the farming operations need to be 
implemented differently according to the differences existing within a farm for better 
efficiency of resources input and environmental quality (Heege, 2013, Mulla, 2013, Zhang 
et al., 2002). Such intention forms the rationale of precision agriculture. Thus, it creates the 
demand for intensive spatial-temporal data collection and analysis for site-specific cultural 
activities in precise timing (Mulla, 2013). 
Genetic variation, phenological growth stage, and abiotic and biotic constraints can all 
influence tree structural parameters such as height, canopy extent and foliage density. For 
instance, vigorous trees usually result in tall and dense canopies that influence productivity 
(Bally and Ibell, 2015, Schaffer et al., 2013a, Whiley, 2000). As such, measurements of 
these parameters can provide growers with a strong indication of plant condition or vigour, 
photosynthetic capacity and yield potential (Rahman et al., 2018, Viau et al., 2005). In most 
Australian horticultural industries, such assessment is usually conducted by on-ground 
visual evaluation, which is time consuming, labour-intensive, subjective and often 
inconsistent (Johansen et al., 2017, Johansen et al., 2018, Searle, 2017, Robson et al., 
2017a). With a georeferenced site-specific thematic map, which is produced by a computer 
using the sensor-acquired data, such challenges can be overcome to allow site-specific 
precision farming operations (Heege, 2013). 
Since the late 20th century, remote sensing has been applied as a technology to acquire 
such thematic maps for commercial precision farming (Mulla, 2013). It is based on analysing 
the direct connection between how much radiative energy is reflected by plant leaves and 
their biogeochemical properties. The effectiveness of a material’s surface in reflecting 
radiant energy is described as reflectance (Lillesand et al., 2015). For instance, the higher 
concentration of photosynthetic pigments such as chlorophyll results in higher reflectance in 
green light and lower reflectance in red light, and well-developed leaf canopy results in high 
reflectance in near-infrared ranged from 700 to 1300 nm (Heege, 2013, Lillesand et al., 
2015, Jensen, 2016). Based on such phenomena, scientists started to realise that by 
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combining these bands of wavelength in the form of simple ratio index or normalised 
difference vegetation index (NDVI), it is possible to find the nearly-linear correlation between 
such indices and net primary productivity of crops (Sellers, 1987). However, this relationship 
becomes non-linear as the canopy heterogeneity increases (Cescatti, 1997). This is 
because the size of phyto-elements (e.g. leaves and branches) are often larger than the 
spectral wavelengths in optical remote sensing. Thus, the total absorption cross section, 
which is the probability of the molecule of organic tissues to absorb photons energy, is 
determined by the canopy structure instead of the wavelengths of photons (Wang et al., 
2018). Several models have been developed to simulate the canopy radiative transfer 
process for trees, but they all need some key canopy structural properties for modelling 
(Wang et al., 2018). Therefore, for the purpose of precision farming on tree crops or trees in 
general, measuring canopy structural parameters is often more practical and 
understandable to farmers rather than simply obtaining the vegetation indices.  
Remote sensing has been used to estimate tree canopy structural attributes, such as 
tree height, canopy extent, and plant projective cover (PPC), for decades (Wulder, 1998, 
Johansen et al., 2018, Chianucci et al., 2016). Conventionally, these types of data were 
acquired by either satellite, aircraft, or ground-based platform. The determining factors to 
differentiate these platforms and their imaging systems are the distance to the sensing 
target, the cover area, and, very often, the spatial resolution of the remotely sensed data 
(Mulla, 2013, Wulder, 1998). It is usually expected that the spatial resolution to be from 
coarse-scale to fine-scale in the order of satellites, aircraft, and ground-based platforms 
(Heege, 2013). As the technology advances, imaging sensors on satellites can now achieve 
less than 5 m or even sub-metre spatial resolution with daily revisiting frequency, which data 
have been proved useful for precision agricultural applications (Rahman et al., 2018, Mulla, 
2013, Helman et al., 2018, Houborg and McCabe, 2016). Although the spatial-temporal 
resolution from satellite data becomes satisfactory, it is not possible for satellite data to 
acquire on-demand spatial, spectral, and temporal specifications that are tailored for specific 
sites, products, and delivery times for horticultural applications (Aasen et al., 2018). As the 
case of airborne remote sensing, it is usually restricted by the complexity of the operation 
and relatively high cost (Zhang and Kovacs, 2012). Besides, either optical satellite or 
airborne data are weather constrained and suffer from overcast cloud cover (Mulla, 2013, 
Pádua et al., 2017). On the other hand, data acquired from ground-based vehicles are able 
to provide competent spatial resolution and sufficient spectral and temporal precision. 
However, the sensing area is way smaller compared to satellite or airborne remote sensing, 
so it is time-consuming to collect data for orchards with tens of hectare area, and thus reduce 
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the desire for frequent data acquisition (Johansen et al., 2018, Heege, 2013). To resolve the 
gap between satellite, airborne, and ground-based remote sensing, more recently there is a 
growth of a new concept called low altitude remote sensing, and the deployment of drones 
in low altitude to acquire images of Earth surface has been promoted as the most remarkable 
alternative of such concept to fill the gap (Zhang and Kovacs, 2012). 
Drones, also known as remote piloted aircraft systems (RPAS) or unmanned aerial 
systems (UAS), have been considered as a useful platform for measuring horticultural tree 
crop structure, as it provides both higher spatial and temporal resolution, potentially higher 
spectral and temporal precision, and the flexibility of operations (Zarco-Tejada et al., 2014, 
Torres-Sánchez et al., 2015, Heege, 2013, Saari et al., 2011). Moreover, it helps to increase 
the availability of images to farmers who can afford an inexpensive drone, as the image 
availability was limited to specific consulting firms in the past (Zhang and Kovacs, 2012, 
Aasen et al., 2018). Traditionally, the canopy structural measure such as canopy height and 
extent is estimated by analysing multi-view stereo (MVS) photography using soft-copy 
photogrammetry and its orthomosaic (Dandois and Ellis, 2013, Saari et al., 2011, Díaz-
Varela et al., 2015). Factors such as image spatial-resolution, the optical model of sensors, 
interpolating methods, and sampling density have significant effects on the photogrammetric 
accuracy (Aguilar et al., 2005, Wulder, 1998, James et al., 2017). More recently, computer 
vision technologies such as structure from motion (SfM) has been applied to soft-copy 
photogrammetry. The most popular SfM feature detecting algorithm is the scale-invariant 
feature transform (SIFT) method (Novaković et al., 2017). It firstly finds a dominant gradient 
direction based on motion perception, then rotate the descriptor to fit such orientation to 
make it rotation-invariant, and finally identify features using the maxima from a difference-
of-Gaussians pyramid (Lowe, 1999, Lowe, 2004). When features are identified, by tracking 
back the feature trajectories, more accurate position and orientation of cameras can be 
acquired. Such process is called self-calibrating bundle adjustment and has been proved to 
provide higher accuracy than using pre-calibrated camera optical models (James et al., 
2017). The combination of MVS photogrammetry and SfM creates an opportunity for the 
wide-spread of drone applications, as it increases the sampling density with higher spatial-
resolution imagery regardless the pre-defined position, orientation, and optical model 
information of the on-board cameras, and thus, generally increase the accuracy of 
photogrammetry (James et al., 2017, Singh and Frazier, 2018). 
The SfM and MVS photogrammetric dense points (point cloud) is a critical product in the 
drone image processing workflow. Based on such point cloud, digital surface model (DSM) 
is created, and images are orthorectified using the calibrated feature trajectories to create 
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orthomosaic based on such DSM (Novaković et al., 2017). Usually, light detecting and 
ranging (LiDAR) system is used to create detailed point cloud to measure tree structure 
(Aiba et al., 2013, Wallace et al., 2014, Lin et al., 2011, Zhao et al., 2012, Wu et al., 2018). 
Although LiDAR point cloud outperforms photogrammetric point cloud regarding the 
completion of canopy reconstruction, the photogrammetric point cloud provides similar 
degree of accuracy in the extraction of some key structural parameters such as tree height 
and canopy extent and better spectral fusion compared to LiDAR systems (Fritz et al., 2013, 
Dandois et al., 2017, Zarco-Tejada et al., 2014, Wu et al., 2019). Previous studies commonly 
equip the LiDAR systems with another spectral imager to address this issue (Leckie et al., 
2003, Shen et al., 2018, Viau et al., 2005). However, the whole systems become expensive 
compared to a drone system equipped with only a spectral imager on it. The spectral 
information from drone imagery is important that not only it allows the estimation of PPC but 
also the estimation of the capacity of photosynthesis and transpiration, general crops 
characteristics such as nitrogen content, and even species classification (Johansen et al., 
2008, Sellers, 1987, Saari et al., 2011, Heege, 2013).  
Spectral 2D imagers such as TetraCam multi-camera array (MCA) and Parrot Sequoia® 
multi-spectral camera are commonly used for tree crop measurement (Aasen et al., 2018). 
These sensors take advantage of the aid of the computer vision algorithm to have better 
spatial discrimination compared to other sensor systems such as point or pushbroom 
spectrometer (Aasen et al., 2018). The geometric processing methods vary depending on 
the imaging mechanism of the spectral 2D imagers but generally are mature and able to 
provide satisfactory accuracy thanks to the aid of SfM self-calibrating bundle adjustment 
method and ground control points (GCP) (Aasen et al., 2018). Although the viewing angles 
and calibration model can affect the accuracy of bundle adjustment, such error occurs 
systematically in both DSM and digital terrain model (DTM) and thus is minimised when 
creating canopy height model (CHM) (Wu et al., 2019, James et al., 2017). 
The radiometric calibration, however, still undergoes intensive studies. Since drones are 
usually flown in low altitude at less than 200 m, neither the light attenuation nor atmospheric 
effect is severe problems unless the very precise radiometric measurement is required 
(Heege, 2013, Del Pozo et al., 2014, Aasen et al., 2018, Singh and Frazier, 2018). However, 
because the covered area of each image frame is small, many images need to be acquired 
in a period of time so that the image for a larger area can be mosaicked. This characteristic 
introduces other problems, including the varying illumination condition between images and 
high viewing dynamics (Hakala et al., 2013, Honkavaara et al., 2013). The illumination 
variation is commonly addressed by irradiance normalisation method, colour balancing, or 
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block adjustment method to reduce the brightness variation between images (Hakala et al., 
2013, Honkavaara and Khoramshahi, 2018, Tu et al., 2018). The block adjustment method 
also needs to consider the bidirectional reflectance distribution function (BRDF) of the 
surface, which is due to the solar-viewing geometric dynamics within one image 
(Honkavaara and Khoramshahi, 2018). At the time when this PhD project starts, there is no 
implementation to resolve the BRDF effect in any of the common drone image processing 
software packages to the author’s knowledge. Without normalising the illumination and 
solar-viewing geometry, it may limit the ability for images of the same area, collected at 
different times, to be compared. 
Another perspective of radiometric calibration is to acquire at-surface reflectance from 
the image products, as the reflectance information is useful to extract consistent information 
on biophysical properties, derive calibrated vegetation indices or be used to compare multi-
temporal datasets (Jensen, 2016). One of the most common ways to correct the imagery to 
at-surface reflectance is the simplified empirical correction (Wang and Myint, 2015, 
Johansen et al., 2018, Berni et al., 2009). The idea is to identify the relationship between 
known reflectance targets in the scene to their acquired pixel values in digital number (DN). 
The best-fit equation is calculated and then applied to the whole image to convert DN to at-
surface reflectance. Another type of approach is usually referred as sensor-information-
based calibration or vicarious calibration, which uses the information of the sensors to 
estimate the conversion equation from DN to radiance in either absolute or arbitrary unit 
(Del Pozo et al., 2014, Parrot Drones SAS, 2017b, Kelcey and Lucieer, 2012). After the 
surface radiance is acquired, at-surface reflectance can be estimated by combining the 
simultaneous irradiance measurement in either the absolute unit or in an arbitrary unit with 
the aid of known reflectance targets to solve the uncertainty (Del Pozo et al., 2014, Parrot 
Drones SAS, 2017b). The empirical approach is more straightforward than the sensor-
information-based calibration, but this method doesn’t count the potential brightness 
variation caused by the varying photography parameters of the sensor. On the other hand, 
although sensor-information-based calibration takes those photography parameters into 
account, this method needs laboratory and field calibrations to acquire accurate coefficient 
for the conversion equation, which is not easy to implement for every drone campaign. 
Flight planning of drone campaigns is another critical part of high-quality data 
acquisition. Many studies discovered that the different acquisition settings such as image 
overlap and flying altitude have impacts on the accuracies of tree structure estimation 
(Dandois et al., 2015, Zarco-Tejada et al., 2014, Roth et al., 2018, Torres-Sánchez et al., 
2015). Because drones are such highly configurable systems, it is hard to establish a 
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standard protocol regarding flight planning variables. The flight altitude is one of the most 
discussed variables in previous studies, as it has a direct impact on the ground sampling 
distance (GSD) of pixels. Singh and Frazier (2018) reviewed 91 articles published during 
2000-2017, which provide both flight altitude and GSD, and concluded that most studies did 
not justify the reason for selecting specific flight altitude. Few studies tried to acquire images 
at various altitude to figure out the optimal flight altitude or GSD for specific applications, but 
they did not take the potential side effect of changing flight altitude into account (Torres-
Sánchez et al., 2015, D. Gómez-Candón et al., 2014, Johansen et al., 2018). For instance, 
many sensors have a trigger speed limit due to input/output (I/O) speed of the storage 
device. Same camera trigger speed at different flight altitude results in different forward 
overlap, yet such impact has seldom been discussed. This camera trigger speed limit also 
causes variation regarding the image forward overlap if it is incorporated with the flying 
speed and flight altitude requirements (Singh and Frazier, 2018). Fixed-wing drones tend to 
need higher speed to maintain in the air compared to multirotor drones. In order to maintain 
the image forward overlap, a fixed-wing drone needs to be flown at a higher altitude. 
However, flying at higher altitude reduces the pixel GSD, and sometimes the flight altitude 
is restricted by local regulation (Singh and Frazier, 2018). These examples demonstrate the 
complexity of the influence of flight altitude and flying speed, which has seldom been 
considered in related studies. This may be the reason that some studies found that flight 
altitude had a significant impact on the accuracy of canopy structure measurements while 
some studies did not (Johansen et al., 2018, Zarco-Tejada et al., 2014, Dandois et al., 2015). 
Image overlap, including forward overlap and side overlap, is another critical variable 
which varies in the literature. Dandois et al. (2015) suggested that image forward overlap is 
the most important variable that has the most significant impact on the accuracy of tree 
structure measurement, yet in the review by Singh and Frazier (2018), less than 45% of the 
108 articles reported the image forward and side overlap. Most of the studies exceed 75% 
image forward overlap, yet some studies successfully generate accurate image product with 
only 50% forward overlap (Ajayi et al., 2017). Image side overlap has even higher variation 
ranged from 20% to 90% in the literature review (Singh and Frazier, 2018). Besides, the 
assessment of the impact of image overlap on the accuracy only takes the geometric 
accuracy into account. However, structure measurement such as PPC is estimated indirectly 
using the spectral information, yet the influence of image overlap on such measurement has 
never been discussed. 
Another flight planning variable that attracts little attention is the flight pattern. Unlike 
natural forested environments, horticultural tree crops are usually planted in rows that in 
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some cases are manually shaped to produce a continuous canopy. In previous studies in 
horticultural environment, the flight patterns were either grid pattern, along-row, or not 
specified without any justification (Zarco-Tejada et al., 2014, Díaz-Varela et al., 2015, 
Johansen et al., 2018, Torres-Sánchez et al., 2015). As hedgerow orchards grow popularity 
for specific tree crops due to the accessibility of machinery and maximum light interception 
(Whiley et al., 2013), the investigation of optimal flight pattern is needed. The solar elevation 
is yet another important variable to affect the accuracy of tree measurement but hardly to 
be controlled precisely. Although that acquiring remote sensing imagery around solar noon 
is almost a rule of thumb to guarantee higher data quality (Zarco-Tejada et al., 2012, Bauer 
et al., 1986), the idea of solar noon is ambiguous because the solar elevation during solar 
noon varies according to regions and seasons. Dandois et al. (2015) suggested that higher 
solar elevation results in better accuracy on tree structure measurement in a forest 
environment, yet similar studies on horticultural tree crops are absent, and the effect of solar 
elevation may possibly differ between natural forest and artificially managed tree crops. 
The aforementioned factors, including the image acquisition and correction approaches, 
affect the quality of analysis-ready data, but how to extract useful information from such 
analysis-ready data for farmers to improve their management is another story. Tree extent, 
tree height, PCC, and vegetation indices can be successfully produced from a single multi-
spectral drone campaign (Zarco-Tejada et al., 2014, Díaz-Varela et al., 2015, Johansen et 
al., 2018). However, as we mentioned at the beginning, the horticultural industries usually 
rely on tree condition ratings such as Ciba-Geigy category for decision making and farm 
management (Searle, 2017, Salgadoe et al., 2018). Therefore, how to establish a condition 
rating strategy by using the drone-based analysis-ready data that can be understood by the 
farmers is the ultimate goal for the horticultural industry to apply multi-spectral drone 
imagery, which is also the original rationale for Horticulture Innovation Australia to fund this 
research project. 
In summary, although the application of multi-spectral drone imagery for horticulture tree 
crops has gone successfully in many cases, there is a gap in the current state-of-art of its 
application in horticultural tree crop management that the optimal protocols regarding image 
acquisition, correction, and tree attribute extraction approaches are absent. This thesis 
developed a best practice workflow that identifies optimal procedures for the acquisition, 
correction, and extraction of spectral data from a drone when used to measure the health 
and structural properties of horticultural tree crops. This was achieved progressively by: (1) 
understanding the influence of several commonly used image correction approaches on the 
integrity of multi-spectral drone imagery data; (2) identifying optimal measures of tree crop 
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condition and establish the methods to map and measure these; and (3) applying the above 
correction and extraction procedures to estimate the tree structural properties and analyse 
the change of accuracy of structural properties due to the changes of acquisition variables 
to understand the impacts of different variable combinations of flight plans. 
1.2. Research Aim and Objectives 
The main aim of this project was to develop, test, and deliver techniques for optimal 
drone configuration to measure and monitor canopy structural properties of a selected 
horticultural tree crop. The main aim consisted of three objectives: 
1. To determine the optimal data collection protocols for acquiring multi-spectral drone 
imagery over horticulture tree crops;  
2. To determine the optimal correction methods for multi-spectral drone image data for 
acquiring imagery over horticultural tree crops; 
3. To determine the accuracies of measuring and mapping canopy structural properties 
and condition of a horticultural tree crop using multi-spectral drone imagery. 
For this study, avocado trees were selected as the target horticulture crop due to their 
characteristics of canopy structures compared to the other candidates (i.e., mango trees 
and macadamia trees). Avocado trees are not as intensively modified as mango and 
macadamia trees so that their canopy geometry, in terms of horizontal and vertical shape, 
is relatively natural, which is good for establishing robust analysis that not only work in 
specific circumstances. In situ measures of tree crop parameters, including tree height, 
canopy extent, and plant projective cover, were compared to the extracted canopy 
characteristics of the target trees to determine the optimal data collection and extraction 
processes. By delivering on these objectives, this thesis will determine the optimal drone 
configuration and data processing methodology that will serve as best practice for 
standardising future multi-spectral drone imagery data collection over horticultural tree 
crops.   
1.3. Outline of hesis 
This thesis is structured in relation to publications/manuscript during the PhD 
candidature from chapters 2 to 4. As these publications, representing these chapters, were 
written independently, some degree of repetition may appear. Each chapter has an 
introduction, which presents a comprehensive literature review on its corresponding topic, 
following by a detailed description of methodology, results, discussion, and conclusion. It is 
noted that the term remote piloted aircraft system (RPAS) and drone may appear as 
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unmanned aerial system (UAS) in some following chapters because UAS is more commonly 
used in most of the journals. The tables which have alphabet prefix in front of the numbers 
are placed in the appendices for better cohesion. The outline of the thesis and a brief 
description of each chapter are stated below. 
 
Chapter 1: Introduction and Research Significance 
This chapter introduces the research background by briefly reviewing the studies, which 
related to the use of drone imagery in horticultural applications. The knowledge gap is 
indicated subsequently, and we proposed the progressive objectives for the research project 
to address the knowledge gap.  
 
Chapter 2: Optimising Flight Planning for Measuring Horticultural Tree Crop Structure 
This chapter is altered from the submitted manuscript ‘Optimising Unmanned Aerial System 
Flight Planning for Measuring Horticultural Tree Crop Structure’ to adapt to a consistent 
format of the thesis. It uses a total 39 datasets that have various combinations of flight 
variables and partial least square regression to assess the impacts on data quality due to 
the change of each flight variable. Optimal image acquisition protocols are proposed 
accordingly to different flight scenarios. 
 
Chapter 3: Assessing Radiometric Correction Approaches for Horticultural Applications 
This chapter is altered from the paper ‘Assessing Radiometric Correction Approaches for 
Multi-Spectral UAS Imagery for Horticultural Applications’ (Tu et al., 2018) to adapt to a 
consistent format of the thesis. It uses three flights that have a grid flying pattern, but in 
different flying altitude to assess the radiometric consistency performance of each correction 
method of images collected over avocado and banana plantations.  
 
Chapter 4: Measuring Canopy Structure and Condition in a Horticultural Environment 
This chapter is altered from the paper ‘Measuring Canopy Structure and Condition Using 
Multi-Spectral UAS Imagery in a Horticultural Environment.’ (Tu et al., 2019) to adapt to a 
consistent format of the thesis. It assesses the various structural estimations including tree 
height, canopy extent, and plant projective cover that were derived from structural, spectral, 
and textural information from analysis-ready multi-spectral drone images. The highly 
correlated attributes are then integrated to classify the tree condition and test the overall 
prediction accuracy. 
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Chapter 5: Conclusions, Significance and Future Research 
This chapter describes the findings from this research project and the contribution to 
knowledge in the context of the aim and objectives. We also address the recommendations 
of future research directions due to the limitations we encountered during the research and 
the time constrains we have for accomplishing the candidature. 
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Chapter 2: Optimising Flight Planning for 
Measuring Horticultural Tree Crop Structure 
 
 
 
This chapter reviews the variables that exist during the image acquisition process. Partial 
least square regression is applied to analyse the variables and their interactions to several 
quality indicators. Optimal image acquisition protocols are proposed for different flight 
scenarios. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Associated Manuscript: 
TU, Y.-H., PHINN, S., JOHANSEN, K., ROBSON, A., & WU, D. 2019. Optimising Drone 
Flight Planning for Measuring Horticultural Tree Crop Structure. Manuscript submitted to 
ISPRS Journal of Photogrammetry and Remote Sensing for publication. 
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2.1. Introduction 
Tree crops contribute a large proportion of the global agricultural economy (Barlow, 
1997) and are considered to be essential contributors to the future food and nutritional 
security of a growing global population (Ushaa and Singh, 2013). In Australia, a report by 
Econtech et al. (2005) identified that fruit production and growing activities contributed 16% 
of the total agriculture-dependent GDP. Hence, suitable information for site-specific crop 
management of orchards and their individual trees is important to minimise production costs 
and maximise productivity and quality (Ushaa and Singh, 2013). The information required 
for this type of management includes regularly updated assessments of crop or tree 
structure (height, canopy properties, number of fruit) and condition. Remote sensing is an 
effective tool for mapping tree structural variables, including condition, vigour, 
photosynthetic capacity, and yield potential (Rahman et al., 2018, Viau et al., 2005, Tu et 
al., 2019, Robson et al., 2017a). Tree crop structural attributes, such as tree height, canopy 
extent, and plant projective cover (PPC) have a strong correlation with condition and 
productivity (Sarron et al., 2018, Salgadoe et al., 2018, Schaffer et al., 2013a). While 
information on these variables may be derived from either satellite or aircraft based remote 
sensing, data acquisitions are constrained by the time, weather, and sensor resolution.  
In the past decade, imagery collected from drones has become increasingly popular for 
the acquisition of information to assist orchard management. With their ability to cover 
orchard scales (< 10 km2), information can be acquired on-demand with ultra-high spatial 
resolution able to be obtained from miniaturized sensors designed for drones (Johansen et 
al., 2018, Tu et al., 2019, Zarco-Tejada et al., 2014). However, determining the appropriate 
setting for flight planning is essential, as different combinations of flight variables influence 
the quality and useability of final products (Aasen et al., 2018, Dandois et al., 2015, Roth et 
al., 2018).  
Many studies have discovered that different flight planning settings, such as image 
overlap and flying altitude, influence estimations of tree structure variables (Dandois et al., 
2015, Zarco-Tejada et al., 2014, Torres-Sánchez et al., 2015, Singh and Frazier, 2018) as 
well as the radiometric quality (Tu et al., 2018, Singh and Frazier, 2018). Yet investigations 
of these influences have been limited to only individual variables. For example, it is known 
that changing flying altitude changes the pixel GSD, but also produces parallax variation 
that influences how the features in scenes are measured and observed using computer 
vision techniques (Johansen et al., 2018, Tu et al., 2018, Remondino et al., 2014). For some 
cameras, where the trigger speed is constrained by the input/output (I/O) speed, changing 
altitude will influence the forward overlap at the same time (Torres-Sánchez et al., 2015). 
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Although changing altitude is an effective approach to change the pixel GSD, this can also 
be achieved e.g. theoretically by changing the focal length of a sensor, or simply by placing 
a higher-resolution camera. This example demonstrates the more complex effect that a 
simple change of one variable may have on drone image collection. This may be the reason 
that some studies found that flight altitude had a significant impact on the accuracy of canopy 
structure measurements while some studies did not (Johansen et al., 2018, Zarco-Tejada 
et al., 2014, Dandois et al., 2015). Therefore, it is necessary to systematically assess the 
effects of different drone flight variables on the quality of the derived imagery and map 
products.  
Apart from altitude, the effect of sun angle variations has seldom been discussed in the 
literature on drone image data, although it has been dealt with extensively for satellite image 
data (Tu et al., 2018). Structural attributes such as PPC, which is the projected fraction of 
plant’s biomass in the relation of sky, is often calculated using spectral information 
(Johansen et al., 2018, Tu et al., 2019, Salgadoe et al., 2018, Johansen et al., 2008). The 
variation of sun angles, including solar elevation and solar azimuth causes variations in 
reflectance measurements of the same target due to bidirectional reflectance distribution 
function effects (BRDF) (Honkavaara and Khoramshahi, 2018, Tu et al., 2018, Aasen et al., 
2018, Singh and Frazier, 2018). Such observed spectral differences may cause 
inconsistency in the estimation of PPC. In addition, varying sun angles can influence shading 
within the tree canopy, which may affect the accuracy of biomass estimation (Adeline et al., 
2013, Asner and Warner, 2003). Flight line pattern is another variable, which varies 
significantly between different studies reported in the literature, but its influence on data 
quality is rarely discussed.  
Unlike natural forested environments, horticultural tree crops are usually planted in rows 
that in some cases are manually shaped to produce a continuous canopy. The influence of 
linear tree planting and flight direction, i.e. either flying along tree rows, across tree rows or 
in a grid pattern (Zarco-Tejada et al., 2014, Díaz-Varela et al., 2015, Tu et al., 2019) on the 
quality of image products has also received little investigation. Tu et al. (2018) indicated that 
the different flying directions caused inconsistency in the radiometric quality of drone 
imagery due to the different solar-surface-viewing geometries. However, the impact on 
image 3D reconstruction of this is still undocumented. Flying speed is yet another variable, 
which varies significantly between different studies reported in the literatures, ranging from 
3 m/s to 17 m/s (Zarco-Tejada et al., 2014, Jiménez-Brenes et al., 2017). The effect of flying 
speed varies, depending on the type of camera shutter, the acquisition mode, and the type 
of drone platform, i.e. multirotor or fixed wing (Eisenbeiß, 2009, Pádua et al., 2017). High 
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flying speed tends to capture ‘blurry’ imagery, as it is a function of motion blur (Roth et al., 
2018), especially for rolling shutter cameras (Candiago et al., 2015). Flying speed affects 
the forward overlap as well if the time interval of the camera trigger is fixed (Dandois et al., 
2015). Additionally, flying at higher speed can increase the pitch angle of multirotor 
platforms, and this pitch variation also influences the viewing angle of the camera if the 
camera is mounted without a self-levelling gimbal. The points above, and lack of drone data 
acquisition protocols, make it difficult to optimise drone flight planning and imaging 
workflows to establish set standards of deliverables of multi-spectral drone image products 
(Aasen et al., 2018, Roth et al., 2018). 
This study assessed several acquisition variables, including flying altitude, image side-
lap, flying speed, flying directions, and solar elevation, to determine their influences on data 
quality and consistency, when measuring structural variables of avocado tree crops. Based 
on the analysis of results, optimal data acquisition protocols for flight planning of drone 
image collection of horticultural tree crops are presented. 
2.2. Materials and Methods 
2.2.1. Study Site 
The study site for this research was located in southeast Queensland, Australia, near 
the township of Bundaberg. This region is one of the largest producers of Hass avocadoes 
in Australia (Whiley, 2000). This subtropical region has hot and humid summers, with the 
mean temperature at 30 °C and mean monthly rainfall at 158.9 mm, while the temperature 
in winter is mild and dry, with a mean temperature at 22.8 °C and mean monthly rainfall of 
45.6 mm (Bureau of Meteorology, 2019). Avocado trees within this region flower during 
September and establish final fruit set in January. Harvesting occurs in May followed by limb 
pruning to maintain access to all trees and maximise light interception of tree canopies. 
Drone data acquisition occurred over a 1 ha area of avocado trees within a commercial 
orchard. The trees were planted at 5 m spacing along hedgerows in 2005, with hedgerows 
10 m apart. The data were collected in early February 2017, when the foliage density was 
high due to the summer leaf flush (Newett et al., 2001). The terrain was relatively flat with 
an average slope of 4 degrees slanting downward towards east and the average elevation 
of the 1 ha patch was about 60 m above sea level. 
2.2.2. Field Measurements 
Terrestrial laser scanning (TLS) data and canopy photos were collected on 5 February 
2017 for estimating tree height and PPC, respectively. The TLS data were acquired using a 
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RIEGL VZ-400 laser scanner (RIEGL, Horn, Austria) mounted on a tripod at a height of 
about 1.5 m. The scanner emits laser beams at a wavelength of 1550 nm. The scanning 
beam divergence was 0.35 mrad. The laser can reach up to a distance of 350 m at 90% 
reflectance of targeted objects and 160 m at 20% target reflectance. The scanning was 
conducted at eight locations that surrounded the centre tree in the 1 ha study area. Due to 
the scanning zenith angle limit (30 - 130 degree), at each scan location, the scanning was 
conducted vertically, and tilted at 90 degree (horizontally) to ensure the top canopy was 
covered at each scan location. The total of eight scans of TLS data were registered and 
georeferenced in RiSCAN Pro (RIEGL, Horn, Austria). The point cloud was classified into 
ground and non-ground points using LAStools ™ software (Rapidlasso GmbH, Gilching, 
Germany) and a canopy height model (CHM) at 99th percentile of 52 trees was produced 
based on the classified point cloud (Wu et al., 2019).  
Canopy photos were captured with a Nikon Coolpix AW120 digital camera (Nikon 
Corporation, Tokyo, Japan) for 45 trees that were evenly distributed within the 1 ha area. 
Eight representative photos for each tree were taken halfway between the trunk and the 
canopy edge during dusk. These photos were analysed in the Can-Eye software (French 
National Institute of Agronomical Research, Paris, France) to calculate the gap fraction and 
PPC for each tree.  
Ten AeroPoints® (Propeller Aerobotics Pty Ltd, Surry Hills, Australia) were deployed 
evenly in the study area to record global positioning system (GPS) information over a 5-hour 
period. The AeroPoint® data were subsequently post-processed with the Propeller® 
network correction using the GPS data from the nearest base station located 26 km from 
the study site. The calculated AeroPoint® locations were then used to geo-reference the 
drone imagery.  
Eight greyscale gradient panels, with reflectance values ranging from 4% to 92%, were 
also deployed next to each other for imagery radiometric correction. The panels were 
manufactured based on the suggestion by Wang and Myint (2015) and the reflectance 
values were measured with an ASD FieldSpec® 3 spectrometer (Malvern Panalytical Ltd, 
Malvern, UK). The spectrometer reflectance measurements of each panel were resampled 
using ENVI (Harris Corporate, Melbourne, USA) to match them to the central wavelength 
and bandwidth of the four Parrot Sequoia® spectral bands. 
2.2.3. UAS Image Acquisition 
The Parrot Sequoia® multi-spectral camera ((Parrot Drone SAS, Paris, France) was 
used to capture the imagery for our experiment, coupled with the 3DR solo (3D Robotics, 
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Berkeley, USA) quadcopter as the mounting platform. The system is a multi-camera design 
using global shutter that captures the light of the green (550 nm, 40 nm bandwidth), red (660 
nm, 40 nm bandwidth), red edge (735 nm, 10 nm bandwidth), and NIR (790 nm, 40 nm 
bandwidth) part of the spectrum and records the signal in 4.8 × 3.6 mm (1280 × 960 pixels) 
separate imaging CMOS sensors. The imaging mode was set to a fixed 1 second trigger 
speed, coinciding with the file writing speed limit to on-board internal memory. Twenty-seven 
flights were conducted during 2-6 Feb 2017 to provide various combinations of flight altitude, 
side-lap, speed, pattern, and time of day (Table 2.1). All the flights were conducted under 
clear sky condition. Some of the flights only covered 0.25 ha in the centre of 1 ha study area 
due to the flight duration limit of the drone. It is noted that the inaccurate on-board GPS 
prevented accurate control of forward overlap so it did not be included as a variable. 
Table 2.1. Different settings of the 27 drone campaigns. It is noted that configuration number 13 is 
missing as it was unsuccessful due to wrong setting. The pattern along means the drone flight line 
direction occurred in the direction along the hedgerows, while the grid pattern included both along 
and across hedgerows. The configuration numbers with * means they were conducted in the central 
0.25 ha area. 
Config no. Flight altitude (m) Side-lap (%) Speed (m/s) Flight pattern Date / Time 
1 100 90 5 Along 3 Feb 2017 / 1:24-1:36 PM 
2 100 80 5 Grid 3 Feb 2017 / 12:46-12:59 PM 
3 100 70 5 Along 3 Feb 2017 / 2:42-2:47 PM 
4 100 60 5 Along 6 Feb 2017 / 11:54 AM-12:00 PM 
5 75 90 5 Along 2 Feb 2017 / 1:51-2:05 PM 
6 75 80 5 Grid 2 Feb 2017 / 2:11-2:25 PM 
7 75 70 5 Along 5 Feb 2017 / 11:58 AM-12:04 PM 
8 75 60 5 Along 5 Feb 2017 / 11:20-11:24 AM 
*9 50 90 5 Along 5 Feb 2017 / 11:47-11:53 AM 
*10 50 80 5 Grid 5 Feb 2017 / 12:34-12:40 PM 
11 50 70 5 Along 5 Feb 2017 / 12:14-12:21 PM 
12 50 60 5 Along 5 Feb 2017 / 2:16-2:23 PM 
*14 25 80 5 Along 5 Feb 2017 / 2:05-2:11 PM 
15 25 70 5 Along 2 Feb 2017 / 2:39-2:52 PM 
16 25 60 5 Along 3 Feb 2017 / 2:07-2:18 PM 
*17 25 80 3 Along 3 Feb 2017 / 2:29-2:38 PM 
*18 25 80 8 Along 5 Feb 2017 / 1:26-1:30 PM 
*19 25 80 10 Along 6 Feb 2017 / 11:10-11:14 AM 
*20 50 80 3 Along 5 Feb 2017 / 12:45-12:50 PM 
*21 50 80 8 Along 6 Feb 2017 / 11:18-11:22 AM 
*22 50 80 10 Along 6 Feb 2017 / 11:39-11:42 AM 
23 75 80 3 Along 3 Feb 2017 / 1:06-1:17 PM 
24 75 80 8 Along 5 Feb 2017 / 1:51-1:57 PM 
25 75 80 10 Along 6 Feb 2017 / 11:31-11:37 AM 
26 75 80 5 Grid 5 Feb 2017 / 3:31-3:45 PM 
27 75 80 5 Grid 5 Feb 2017 / 4:14-4:27 PM 
28 75 80 5 Grid 2 Feb 2017 / 5:34-5:48 PM 
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2.2.4. Image Pre-processing: Geometric 
Agisoft MetaShape Pro (previously called Agisoft PhotoScan Pro, Agisoft LLC, St. 
Petersburg, Russia) was used for pre-processing of the drone image data. The photos from 
each flight were reviewed to omit redundant and blurred photos before importing the photos 
into Agisoft MetaShape Pro. The photos of those flights, where image data were collected 
in a grid-pattern, were further divided into three datasets: along-row flight, cross-row flight, 
and the compilation of both. Therefore, the total number of sub-datasets increased to 39 
rather than the original 27 datasets. The photos for each dataset were aligned automatically 
first, with the limits of key point and tie point being set to 40,000 and 10,000, respectively. 
The ground control points (GCPs) derived from AeroPoint® measurements were manually 
marked for the individual datasets. All the datasets had a geo-referenced root-mean-square 
error (RMSE) of less than one pixel based on the GCPs, except configuration number 19 
(RMSE = 0.59 m) due to the poor photo alignment results caused by insufficient image 
forward overlap. The rest of the processing steps, including photogrammetry point cloud 
densification, ground point classification, elevation model generation, and orthomosaicking, 
were executed automatically in MetaShape Pro with the aid of an in-house Python script. 
The noise filter in the point cloud densification was set to mild to remove points which have 
high reprojection errors, and preserve as many details of the tree crowns as possible. The 
densified point cloud was classified into two classes: ground and others. The ground points 
were used to generate a digital terrain model (DTM), while all points were used to produce 
a digital surface model (DSM). Colour correction was enabled to correct the vignetting 
effects and reduce brightness variation caused by dynamic photographic parameter (e.g. 
ISO value, shutter speed, etc.) settings of the Parrot Sequoia® camera (refer to Tu et al. 
(2019) for more details). The processing report, densified point cloud, DSM, DTM, and 
orthomosaic of each dataset were exported for quality assessment and generating analysis-
ready data. 
2.2.5. Image Pre-processing: Radiometric 
NIR band or normalised difference vegetation index (NDVI) are needed to estimate PPC 
of individual tree crowns (Tu et al., 2019). Therefore, it was imperative to convert the 
orthomosaics of the red and NIR bands to at-surface reflectance to produce NDVI images. 
A simplified empirical correction was applied using the digital number (DN) of the greyscale 
field calibration panels captured during image acquisition and the method of linear 
regression to convert the pixel values of the red and NIR bands into at-surface reflectance 
for all of the datasets. This was done for all images, except acquisition configuration 
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numbers 18 and 19 (Table 2.1), where the full area of panels was not successfully retrieved 
from the images; and configuration number 28, where the panels were shaded due to the 
low solar elevation. Therefore, the NDVI images from these three datasets were not 
produced. However, the NIR bands from the three datasets were still used to produce 
measurements of PPC. The initial at-surface reflectance images contained negative values 
in the tree crown areas due to shaded leaves. Similar to dark pixel subtraction (Jensen, 
2016), the minimum pixel values within the tree crown areas were calculated and the offsets 
of minimum values were applied to respective at-surface reflectance images to make sure 
the minimum at-surface reflectance within tree crowns was zero. The subsequent at-surface 
reflectance images of the red and NIR bands were applied to produce NDVI images for each 
dataset. 
2.2.6. Extraction of Information for Individual Trees 
The image-derived canopy height models (CHM), NIR band, and NDVI were then 
imported into the eCognition Developer software (Trimble, Munich, Germany) to delineate 
individual trees. The CHMs of individual datasets were derived by subtracting the DTM from 
the DSM produced from the same dataset. A semi-automatic delineation method was 
applied to the pre-processed and orthomosaiced image data for configuration number 6 
(Table 2.1) to delineate the extent of tree crowns for the 53 trees with tree height 
measurements from derived from the TLS data, and the 45 trees with field derived PPC 
measurements. The datasets only covering the central 0.25 ha area included 35 of the 53 
trees with TLS scans and 17 of the 45 trees with field measured PPC. As all the datasets 
were geo-referenced, the tree crown delineation extents aligned very well for all data sets. 
The only exception was configuration number 19 (Table 2.1), where significant geo-
referencing error existed, as noted above. Therefore, the delineated tree extents were 
transformed to fit the locations of respective trees. Readers can refer to Tu et al. (2019) for 
details on the GEOBIA method used. The tree crown delineation was applied to extract 
further information, for the individual trees. For each dataset, the following variables were 
extracted: 
 tree height estimated using the maximum CHM value for each tree;  
 the spectral mean, standard deviation of the NIR and NDVI bands;  
 four Haralick texture grey level co-occurrence matrices (GLCMs) of the NIR and NDVI 
bands, where the GLCMs included standard deviation, homogeneity, dissimilarity, and 
contrast.  
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The extracted spectral and textural information was used for PPC estimation from 
multivariate linear regression (Tu et al., 2019). Both the CHM-derived tree height and 
spectral-textural-data-derived PPC were compared to the TLS tree heights and field derived 
PPC, respectively to estimate the coefficient of determinations (R2) and RMSE. The 
delineated tree extents for each dataset were also used to calculate zonal statistics of the 
photogrammetric point cloud to estimate the point cloud density within tree crowns. The 
point cloud density was normalised by dividing the point density by the square of the pixel 
GSD to allow analysis of the effect of other variables (i.e. average imaged area) in addition 
to pixel GSD, which has a known significant influence on the point cloud density (Dandois 
et al., 2015).  
2.2.7. Assessment of Information Quality Extracted for Individual Trees 
Several quality indicators were generated for further analysis, including:  
1. the RMSE and acceptance percentage of the tie points, provided in the processing 
reports, as indicators of photo-alignment quality;  
2. normalised point cloud density of the point cloud densification quality;  
3. the R2 and RMSE of tree height estimation for evaluation of the reconstructed model 
accuracy; and  
4. the R2 and RMSE of the PPC estimation.  
 
Figure 2.1. Conceptual diagram of the research objective, which describes the independent (altitude, 
side-lap, speed, etc., written in yellow colour) and dependent (quality indicators mentioned above, 
representing the quality of each step of the workflow, shown in white boxes) variables of band 
interest. 
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Higher tie point acceptance signifies higher signal-to-noise ratio of tie points generated 
by the structure from motion (SfM) algorithm, whereas a lower tie point RMSE represents a 
higher tie point projection accuracy. Higher point cloud density means that more details in 
the tree crowns were reconstructed by the multi-view stereoscopic (MVS) densification 
algorithm (Novaković et al., 2017). Higher R2 values indicates that the image-derived tree 
structures (heights, PPCs) explain more of the variance of the field-measured tree heights, 
while lower RMSE of the image-derived tree structures means there is less error in the 
estimations. Figure 2.1 shows the conceptual diagram of the experiment. 
2.2.8. Analysing the Effect of Image Acquisition Variables 
The image acquisition variables assessed included flight altitude, image side-lap, flying 
speed, flying direction, and solar elevation, which is denoted as variable set 1. Solar 
elevation was derived from the flight time using the Solar Calculator WebApp 
(http://ausdesign.com.au/articles/calc.html). These variables were selected because they 
are the ‘configurable variables’ for most flight planning software packages, except solar 
elevation. With the constraints of latitude and season, solar elevation can to some extent be 
controlled by selecting the time of the flight mission, which is important as several studies 
have found that solar elevation can significantly affect drone-derived image results (Dandois 
et al., 2015, Aasen et al., 2018). The five flight variables were further segregated into eight, 
which is denoted as variable set 2, where the altitude was removed and pixel GSD, image 
forward overlap, average imaged area, and average pitch angle were added. These were 
added because the pixel GSD is a function of altitude (when the focal length is a constant) 
and the forward overlap and average imaged area are the functions of pixel GSD, which are 
shown as follows: 
GSD =
𝑠𝑒𝑛𝑠𝑜𝑟 𝑠𝑖𝑧𝑒𝑥  ∙  𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒
𝑝𝑖𝑥𝑒𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑠𝑥  ∙  𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
=  
𝑠𝑒𝑛𝑠𝑜𝑟 𝑠𝑖𝑧𝑒 𝑦  ∙  𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒
𝑝𝑖𝑥𝑒𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑠𝑦  ∙  𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
 (2.1) 
Average imaged avera =  𝐺𝑆𝐷2 × 𝑝𝑖𝑥𝑒𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑥 × 𝑝𝑖𝑥𝑒𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑦
= sensor size𝑥 × sensor size𝑦 × (
𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒
𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
)2 
(2.2) 
Forward overlap % = (1 −  
𝑠𝑝𝑒𝑒𝑑 ∙ 𝑡𝑟𝑖𝑔𝑔𝑒𝑟 𝑠𝑝𝑒𝑒𝑑
𝐺𝑆𝐷 ∙  𝑝𝑖𝑥𝑒𝑙 𝑛𝑢𝑚𝑏𝑒𝑟𝑦
) × 100%
= (1 −  
𝑠𝑝𝑒𝑒𝑑 ∙ 𝑡𝑟𝑖𝑔𝑔𝑒𝑟 𝑠𝑝𝑒𝑒𝑑 ∙ 𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
𝑎𝑙𝑡𝑖𝑡𝑢𝑑𝑒 ∙  𝑠𝑒𝑛𝑠𝑜𝑟 𝑠𝑖𝑧𝑒𝑦
) × 100% 
(2.3) 
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The pixel GSD was derived from the orthomosaic, where the viewing direction was 
ortho-rectified to nadir. The image forward overlap was derived based on both pixel GSD 
and the flying speed since the trigger speed of image acquisition was known. Average 
imaged area was derived by multiplying the number of pixels in the sensor plane by the 
square of pixel GSD. The average pitch angle was calculated using the calibrated image 
rotation matrix in Agisoft MetaShape Pro with an in-house Python script, which was highly 
correlated with the flying speed.  
Table 2.2. Input variables for the PLS regressions. Independent variables are X term and dependent 
variables are Y term in the regression formula. 
Independent variables 
(Flight variables) 
Variable set 1: 
 Flight altitude 
 Image side-lap 
 Flying speed 
 Flying direction 
 Solar elevation 
Variable set 2: 
 Image side-lap 
 Flying speed 
 Flying direction 
 Solar elevation 
 Pixel GSD 
 Average imaged area 
 Image forward overlap 
 Average image pitch 
Dependent variables 
(Quality indicators) 
Photo alignment quality: 
 RMSE of Tie points 
 Acceptance percentage of tie point 
Point cloud quality: 
 Normalised point cloud density 
Tree height estimation accuracy: 
 R2 and RMSE of tree height estimation 
PPC estimation accuracy: 
 R2 and RMSE of PPC estimation using NIR spectral-textural data  
 R2 and RMSE of PPC estimation using NDVI spectral-textural data 
The aforementioned two variable sets were used as independent variables, whilst the 
seven quality indicators mentioned in section 2.2.5 were selected as dependent variables in 
the subsequent partial least square (PLS) regression analysis. The details of two 
independent variable sets and the dependent variables can be found in Table 2.2. We used 
PLS regression rather than analysis of variance (ANOVA) as the assumption of ANOVA is 
that the independent variables must be normal. However, due to the restriction of available 
times for conducting drone missions (e.g., suitable illumination condition within one day), 
some of the variables, such as solar elevation, were not normally distributed. Also, there 
was multi-collinearity between some variables, e.g. between the average pitch angle and 
flying speed, and between pixel GSD, average imaged area, and image forward overlap. 
PLS regression is better equipped to analyse variables with multi-collinearity by projecting 
both the independent and dependent datasets to principal component spaces, while still 
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maximising the covariance between independent and dependant datasets at the same time 
(Martens et al., 1986, Wold et al., 1984).  
We used both the original five-variable set (variable set 1) and the extended eight-
variable set (variable set 2) to run the PLS regression against each quality indicator 
individually (Table 2.2) and generated a prediction model for each variable set. Flying 
direction was converted from a categorical variable into three independent numerical 
variables using dummy coding (Cohen et al., 2014). Because the variables were in different 
units, they were standardised to unitless and centralised values before importing them into 
the PLS regressor. Cross validation was applied during the regression by using bootstrap 
subsets to remove insignificant variables and principal components one by one based on 
the models’ RMSE. Once the final variable sets and the optimal principal component number 
were determined, we applied the optimal variable sets and principal component number to 
the regression and calculated the significance of the multivariate correlation (sMC) based 
on the method proposed by Tran et al. (2014) to access the significance of each variable. 
The PLS regression workflow (Figure 2.2) was achieved using an in-house Python script. 
 
Figure 2.2. The workflow of the partial least square regression in this study. 
2.2.9. Optimal Flight Plan Simulation 
After establishing the PLS models, we used the models which had the highest coefficient 
of determination values to simulate optimal settings of flight planning variables. Some 
variables, which improved or declined all quality indicators, were fixed as constant values in 
the models. Three sets of simulated flights with different combinations of flight planning 
Chapter 2: Optimising Flight Planning for Measuring Horticultural Tree Crop Structure 
24 
 
variables were imported into the prediction models based on three respective simulated 
scenarios:  
1. The first scenario used the same setting as our experiment, with imagery captured with 
a fixed trigger speed of 1 second. In this case, the pixel GSD, average imaged area, 
and image forward overlap changed according to the flight altitude. 
2. The second scenario assumed the imagery was captured in a fixed forward overlap 
setting. In this case, the pixel GSD and average imaged area changed according to the 
flight altitude. 
3. The third scenario assumed that the pixel GSD and image forward overlap were 
constant for all flight altitudes. Only the average imaged area changed according to the 
flight altitude in this case. 
The simulated flights allowed detailed interpretation of the impact of flight planning 
variables and identification of the optimal settings in different scenarios. 
2.3. Results 
In this section, the results are shown in two parts. Section 3.1 shows the PLS results for 
assessing the influence of drone flight planning variables on data quality. Section 3.2 shows 
the predicted optimal flight plans accordingly to three different flight scenarios using the best-
explained PLS prediction models.  
2.3.1. The Influence of Flight Variables on Data Quality 
The following models 1 and 2 represent the PLS regression model for variable sets 1 
and 2, respectively. As the input variable sets were standardised, the magnitude and the 
sign of the regression coefficients of each variable were assumed to represent both the 
importance and the trend of influence of specific variables. For each regression of the quality 
indicators, the R2 values and the dominance of both models were displayed. The dominance 
of each variable was described as the percentage of each variable’s regression coefficient 
over the sum of the absolute values of all regression coefficients of each quality indicator’s 
regression model. Tables 2.3 and 2.4 provide a summary of the results of models 1 and 2, 
respectively. A positive impact of variables on tie point acceptance percentage, normalised 
point cloud density, and the R2 of tree height and PPC estimation means that increasing 
such variables improves the data quality. On the other hand, a negative impact of variables 
on various RMSE indicates that increasing such variables improves the data quality. 
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Table 2.3. The comparison matrix shows the measured impact of each of drone flight planning 
parameter from variable set 1 (in rows) on drone image quality and avocado tree height and PPC (in 
columns). The bottom row is the coefficient of determination of each regression model which 
indicated the power to explain the variance of dependent variables. A cell marked in red means the 
drone flight planning variables had significant negative correlation with the drone image quality 
indicators, tree height and PPC, while green indicates that the variables had significant positive 
correlation. The darker the cell colour is, the stronger influence the variables had on the image quality 
indicators. The blank cells mean the variables did not have significant influence on respective 
indicators. 
 Tie point 
acceptance % 
Normalised tie 
point RMSE 
Normalised 
cloud density 
Tree 
height R2 
Tree height 
RMSE 
NIR 
PPC R2 
NIR PPC 
RMSE 
NDVI 
PPC R2 
NDVI PPC 
RMSE 
Altitude (m) -37.98 13.61 30.55 27.00 -22.45  49.53 57.25 34.87 
Side-lap (%) -31.77 8.57 11.19  -2.67 -19.86  -11.94 -21.14 
Speed (m/s)  -14.79 -29.66 -31.07 31.96 -20.05   -8.39 
Flying along  -18.39 -13.95 -11.99 12.92 5.63  -16.66  
Flying across    7.80 -8.51     
Flying in grid  18.59 14.64 7.54 -8.02 -4.58  14.15  
Solar elevation 30.25 -26.05 10.17 -14.60 13.47 49.88 -50.47  -35.59 
R2 0.25 0.63 0.55 0.44 0.4 0.44 0.79 0.3 0.6 
Table 2.4. The comparison matrix shows the measured impact of each of drone flight planning 
parameter from variable set 2 (in rows) on drone image quality and avocado tree height and PPC (in 
columns). The bottom row is the coefficient of determination of each regression model which 
indicated the power to explain the variance of dependent variables. A cell marked in red means the 
drone flight planning variables had significant negative correlation with the drone image quality 
indicators, tree height and PPC, while green indicates that the variables had significant positive 
correlation. The darker the cell colour is, the stronger influence the variables had on the image quality 
indicators. The blank cells mean the variables did not have significant influence on respective 
indicators. 
 Tie point 
acceptance % 
Normalised tie 
point RMSE 
Normalised 
cloud density 
Tree 
height R2 
Tree height 
RMSE 
NIR 
PPC R2 
NIR PPC 
RMSE 
NDVI 
PPC R2 
NDVI PPC 
RMSE 
Side-lap (%) -12.37 9.86 10.67 -0.82 -0.98 -19.72   -27.47 
Speed (m/s)    11.11 -10.11 -9.34    
Flying along    0.07 0.17 8.54    
Flying across    -0.07 -0.13     
Flying in grid  23.53  -0.01 -0.08 -4.90    
Solar elevation 16.24 -42.78 10.17 -2.42 1.76 41.43 -50.82  -35.33 
Pixel GSD (cm) -20.63  7.18 -32.86 34.23  26.90 49.31  
Forward overlap (%) 32.11 23.83 52.43 27.29 -29.21   50.69  
Average imaged area (m2) -18.66  -18.13 21.11 -19.85  22.28  37.21 
Average pitch   -1.42 -4.23 3.46 -16.07    
R2 0.41 0.69 0.92 0.93 0.91 0.44 0.79 0.37 0.62 
Based on the impacts of each quality indicator shown in Tables 2.3 and 2.4, we can tell 
that model 2 had higher coefficient of determination on almost every quality indicator, which 
means it explained the variance of each indicator better than model 1. The image forward 
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overlap was identified as the most dominant variable that had positive impacts on almost all 
quality indicators (Table 2.4). The influences of other drone flight planning variables are 
discussed in detailed below based on PLS regression model 2 (Table 2.4). If the R2 of 
models 1 and 2 were similar, both models were explained at the same time.  
2.3.1.1. The Effect of Flight Altitude 
As we mentioned above, changing the flight altitude not only changes the pixel GSD but 
also the average imaged area and image forward overlap (using a camera with fixed trigger 
speed) at the same time. Combinations of sub-variables sometimes cause contradictions 
regarding the data quality. Regarding the tie point acceptance percentage, image forward 
overlap was the dominant variable of the tie point acceptance percentage. Pixel GSD and 
average imaged area were the second most dominant variables as the importance of each 
was about 1.6 times less than forward overlap in the opposite direction of correlation (Table 
2.4). This means that if changing altitude does not change the forward overlap, decreasing 
altitude itself improves the tie point quality, which increases the tie point acceptance 
percentage (R2 = 0.41) and does not affect the tie point RMSE (R2 = 0.69) (Table 2.4). The 
effect of altitude on point cloud density, apart from the effect of pixel GSD, was generally 
negative (R2 = 0.92). According to Equations 2.1 to 2.3, pixel GSD and average imaged area 
are functions of altitude, and forward overlap is the function of both altitude and speed. As 
the dominance of average imaged area is more than twice as large as pixel GSD, decreasing 
altitude decreases the normalised point cloud density, possibly due to the tie point limit 
settings in image pre-processing (see section 2.2.4). This point cloud decrease can even be 
amplified if changing altitude changes forward overlap, as forward overlap is the most 
dominant variables in the model (Table 2.4). Regarding the effect on tree height estimation, 
both R2 and RMSE need to be evaluated. Both PLS models, assessing the R2 (R2 = 0.93) 
and RMSE (R2 = 0.91) of tree height, agreed that pixel GSD was the most important variable 
with the largest impact on three height estimates, followed by forward overlap and average 
imaged area (Table 2.4). Decreasing pixel GSD (higher image spatial resolution) increased 
the R2 and decreased the RMSE at the same time, which is desirable for tree height 
estimation. On the other hand, forward overlap and average imaged area were the second 
and third most important variables in both PLS models, which were 1.2 and 1.6 times less 
dominant than pixel GSD on R2 with positive correlation, and 1.2 and 1.7 times less dominant 
than pixel GSD on RMSE with negative correlation. This means that when changing altitude, 
the effect of changing pixel GSD and average imaged area almost offsets each other, 
making the overall influence on tree height estimation small. When considering the forward 
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overlap as a function of altitude, flying higher can improve tree height estimation, as it 
increases the forward overlap and average imaged area, with the overall effect of these two 
variables being equivalent or even more important than decreasing the pixel GSD (Table 
2.4). Finally, the effect of altitude on the estimation of PPC depends on whether NIR or NDVI 
is used (see section 2.2.6). If PPC is derived from the NIR-based information, the change of 
altitude does not affect the R2 significantly (R2 = 0.44), but RMSE decreases as altitude 
decreases (R2 = 0.79). This is because altitude in model 1 and pixel GSD and average 
imaged area in model 2 all had positive coefficients (Tables 2.3 and 2.4), which mean that 
the higher the altitude is, the higher the RMSE. On the other hand, if PPC is estimated using 
NDVI-based information, then both models agreed that higher altitude increased the R2 (R2 
= 0.3 and 0.37 for models 1 and 2, respectively) but increased the RMSE (R2 = 0.6 and 0.62 
for models 1 and 2, respectively) at the same time (Tables 2.3 and 2.4). 
2.3.1.2. The Effect of Image Side-lap 
The effect of image side-lap on data quality was not as pronounced as flight altitude in 
most of the cases. A smaller image side-lap improved tie point quality, as it increased the 
tie point acceptance percentage (R2 = 0.41) and decreased tie point RMSE (R2 = 0.69), 
though it was the least dominant variable in the PLS models (Table 2.4). Both models 1 and 
2 agreed that image side-lap was the third most dominant variable in predicting NIR-derived 
PPC R2 (R2 = 0.44 for both models 1 and 2) and NDVI-derived PPC RMSE (R2 = 0.6 and 
0.62 for models 1 and 2, respectively) (Tables 2.3 and 2.4). Changing the image side-lap 
affected the estimation of PPC differently when using either the NIR or NDVI method. 
Decreasing image side-lap increased the R2 of NIR-derived PPC, while it increased the 
RMSE of NDVI-derived PPC. Image side-lap was also the third most dominant variable for 
predicting the normalised point cloud density (R2 = 0.92) with the importance being five times 
smaller than forward overlap (Table 2.4). The trend of its influence on normalised point cloud 
density was opposite to the estimation of PPC using the NIR method, i.e., the higher the 
side-lap, the higher the normalised point cloud density. Therefore, to achieve an optimised 
balance between the point cloud density and PPC estimation, the image side-lap should be 
between 60% and 90%.  
2.3.1.3. The Effect of Flight Direction 
The flight direction had little effect on most of the dependent variables, except for the tie 
point RMSE, where both models 1 and 2 agreed that flying in a grid pattern increased the 
RMSE (R2 = 0.25 and 0.41 for models 1 and 2, respectively. See Tables 2.3 and 2.4). The 
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above observation suggested that flying a grid pattern increases the error of tie points in the 
SfM process. The effect of flying in a grid pattern on the tie points also reduced the accuracy 
of estimating tree height and PPC, but only to a limited extent as most of the poor-quality tie 
points were filtered out during the pre-processing. Flying direction was also one of the 
dominant variables for predicting the R2 of NIR-derived PPC (R2 = 0.44 for both models 1 
and 2), which was five times and three times less dominant than the solar elevation in model 
1 and 2, respectively (Tables 2.3 and 2.4). Both models agreed that flying along the row 
increased the R2 of estimating NIR-derived PPC, while flying in a grid pattern decreased the 
R2. Flying along the row increased both the R2 (R2 = 0.93) and RMSE (R2 = 0.91) at the 
same time for estimating tree height, while flying across the row and in a grid pattern reduced 
the R2 and RMSE for estimating tree height. However, such influence was negligible, as the 
total dominance of flight direction was 219 times less than that of the pixel GSD on the R2 
and 90 time less than that of pixel GSD on the RMSE (Table 2.4). From the above 
observation, we can conclude that flying along the hedgerows generally improved the data 
quality, while flying in a grid pattern resulted in slightly poorer data quality, as flying along 
the row provided higher R2 for estimating PPC using the NIR method. 
2.3.1.4. The Effect of Flying Speed 
The flying speed caused a change to the forward overlap as the camera trigger speed 
was fixed (Equation 2.3). It also changed the average image pitch angles (Figure 2.3), as 
the camera was mounted without a gimbal. Therefore, it appeared in model 1 that the flying 
speed had dominant influences on several quality indicators (i.e., tie point quality, point cloud 
density) (Table 2.3) but only had small dominances on the estimation of tree height and the 
R2 of NIR-derived PPC in model 2 (Table 2.4). The actual cause of the presumed influence 
of flying speed on data quality in model 1 came from either image forward overlap or average 
pitch angle in model 2, which had higher R2 for the regression model for most of the quality 
indicators (Tables 2.3 and 2.4). Therefore, the influence of speed itself on data quality is 
addressed first. Subsequently, we will look into the influences of forward overlap and 
average image pitch angle.  
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Figure 2.3. The scatter plot of flying speed versus average image pitch angle. It shows a high 
correlation (R2=0.9) between these two variables when photos are captured without a gimbal. 
A high flying speed is known to cause motion blur (Roth et al., 2018). Hence, we can 
consider the image quality as a function of flying speed so that the influence of flying speed 
on data quality can be explained as the influence of image quality. Interestingly, PLS model 
2 (Table 2.4) showed that flying with a higher speed increased the R2 (R2 = 0.93) and 
decreased the RMSE (R2 = 0.91) for estimating tree height. This may be because we can 
easily filter out poor-quality (blurred) images for flights with high flying speed, improving the 
overall image quality. However, both models also agreed that a higher flying speed 
decreased the R2 of NIR-based PPC estimation, which were 2.5 times and 4.4 times less 
dominant than the most dominant variable (the solar elevation) in models 1 and 2, 
respectively (R2 = 0.44. See Tables 2.3 and 2.4). This could be due to brightness variations 
between images, increasing with lower image forward overlap when the flying speed is high, 
causing poor performance of the colour balancing function, as the histograms of pixel values 
between images become very different (Tu et al., 2018). Higher forward overlap generally 
provided better data quality in model 2, i.e., higher tie point acceptance (R2 = 0.41) and 
normalised point cloud density (R2 = 0.92), more accurate tree height estimation (R2 = 0.93 
for the model of R2, and R2 = 0.91 for the model of RMSE), and higher R2 of PPC estimation 
using the NDVI method (R2 = 0.37), though it increased the tie point RMSE at the same time 
(R2 = 0.69). The PLS model 2 shows that forward overlap is either the most or the second 
most dominant variable in all the influencing quality indicators (Table 2.4). Higher image 
pitch angle generally caused poorer data quality on normalised point cloud density (R2 = 
0.92), tree height estimation (R2 = 0.93 for the model of R2 and R2 = 0.91 for the model of 
RMSE), and the R2 of PPC estimation using the NIR method (R2 = 0.44). However, the 
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dominances were small, except for the R2 for estimating PPC using the NIR method, which 
had a dominance that was only 2.6 times smaller than the most dominant variable (the solar 
elevation) and similar to that of the second most dominant variable (image side-lap) (Table 
2.4).  
2.3.1.5. The Effect of Solar Elevation 
Drone campaigns in previous studies usually only consider the illumination condition 
within one day (Aasen et al., 2018), and generally illumination around solar noon is 
considered the best for creating high contrast and optimise results. The influences of solar 
elevation on data quality is usually being ignored as it cannot be controlled precisely. We 
found that solar elevation generally had significant influences on all quality indicators, except 
for the R2 of PPC estimation using the NDVI method (Table 2.4). Higher solar elevation 
provided higher tie point acceptance (R2 = 0.41, half the dominance of forward overlap), 
lower tie point RMSE (R2 = 0.69, the most dominant variable), higher normalised point cloud 
density (R2 = 0.92, five times less dominant than forward overlap), and more accurate PPC 
estimation using both the NIR (the most dominant variable, R2 = 0.44 for the model of R2 
and R2 = 0.79 for the model of RMSE) and NDVI methods (R2 = 0.62 for the model of RMSE, 
similar dominance to average imaged area but with opposite direction of correlation). 
However, a higher solar elevation reduced the accuracy of estimating tree height, though 
the influence of the solar elevation was negligible due to the small dominances. It is possibly 
that when the solar elevation was above 80 degree, the image contrast within the avocado 
tree canopy area was reduced, which decreased the selection of tie points used for the SfM 
algorithm. 
2.3.2. Optimal Settings for Tree Crop Structure Measurements 
From the above results, the following facts can be summarised: 
1. Flying along the hedgerow improved the data quality; 
2. Smaller image pitch angle improved the data quality; 
3. The effect of flying speed is uncertain for the tested global shutter camera; and 
4. Higher solar elevation improved the data quality in general. 
To establish optimal settings for acquisition of multi-spectral drone imagery for structural 
measurements of avocado tree crops, we can make the above four variables constant and 
create simulated flights with various combinations of other variables to predict the data 
quality using PLS model 2. We set the flying direction to along hedgerow and assumed the 
camera was mounted with a gimbal to keep the image pitch angle to 0 for all the simulated 
Chapter 2: Optimising Flight Planning for Measuring Horticultural Tree Crop Structure 
31 
 
flights. Flying speed was set at 5 m/s as most of the input datasets were collected at this 
speed. Solar elevation was set to 61.8° since it was the median solar elevation between 
9:00 and 16:00 on 4 February 2017, and the same time range as the experiment conducted 
by Dandois et al. (2015). Nevertheless, the variables were standardised before importing 
them into the regression model, so that all the constant variables became the same unitless 
value. The simulations were conducted for three types of flight planning scenarios stated in 
section 2.2.9 and below. 
2.3.2.1. Optimal Setting for Scenario 1 
The first scenario used the same setting as our experiment, with imagery captured with a 
fixed camera trigger speed at 1 second. In this case, the pixel GSD, average imaged area, 
and image forward overlap changed according to the flight altitude. Table 2.5 shows the 
combinations of variables of the simulated flights in scenario 1, while Figure 2.4 shows the 
simulated quality for each indicator.  
Table 2.5. Variables of simulated flights for scenario 1. 
Simulated No. Altitude (m) Side-lap (%) pixel GSD (cm) Forward overlap (%) Average imaged area (m2) 
1 100 90 9.796667 94.68357 11793.37 
2 100 80 9.796667 94.68357 11793.37 
3 100 70 9.796667 94.68357 11793.37 
4 100 60 9.796667 94.68357 11793.37 
5 75 90 7.183333 92.74942 6340.642 
6 75 80 7.183333 92.74942 6340.642 
7 75 70 7.183333 92.74942 6340.642 
8 75 60 7.183333 92.74942 6340.642 
9 50 90 4.796667 89.14177 2827.224 
10 50 80 4.796667 89.14177 2827.224 
11 50 70 4.796667 89.14177 2827.224 
12 50 60 4.796667 89.14177 2827.224 
13 25 80 2.272 77.076 634.3046 
14 25 70 2.272 77.076 634.3046 
15 25 60 2.272 77.076 634.3046 
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Figure 2.4. Predicted standardised quality indicators for scenario 1. The y axis is the standardised 
value of quality indicators, which only shows the relative quality of each indicator. The large positive 
values of non-RMSE indicators represent better data quality, while the large negative values of 
RMSE indicators represent better data quality. 
The ideal situation is that all the bars of non-RMSE indicator in the figure for a specific 
simulated flight are large positive values, while RMSE indicators are large negative values, 
which is absent in the case. Therefore, we selected the optimal variable set by achieving 
the optimised balance between the tie point quality, normalised point cloud density, and tree 
height and PPC estimation accuracies. Simulated flight numbers 1-4 had the highest RMSE 
of estimating PPC and low acceptance percentage of tie points. Simulated flight numbers 
13-15 had the lowest normalised point cloud density and the least accurate tree height 
estimation. In this case, simulated flight numbers 10 and 11, which were set to 50 m flight 
altitude and 80% and 70% image side-lap, respectively, were selected as the optimal 
settings. These settings had overall average point cloud density but higher accuracy for 
estimating tree height and NIR-PPC estimation compared to flight numbers 5-8. Reducing 
flight altitude further will decrease image forward overlap below the 80% threshold and 
hence significantly reduce the data quality.  
2.3.2.2. Optimal Setting for Scenario 2 
The second scenario assumed the imagery was captured in a fixed forward overlap 
setting. The image forward overlap was set at 80%, which corresponds to the threshold 
suggested by Dandois et al. (2015). In this case, the pixel GSD and average imaged area 
changed according to the flight altitude. Table 2.6 shows the combinations of variables of 
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the simulated flights in scenario 2, while Figure 2.5 shows the simulated quality measures 
of each indicator. 
Table 2.6. Variables of simulated flights for scenario 2. 
Simulated No. Altitude (m) Side-lap (%) pixel GSD (cm) Forward overlap (%) Average imaged area (m2) 
1 100 90 9.796667 80 11793.37 
2 100 80 9.796667 80 11793.37 
3 100 70 9.796667 80 11793.37 
4 100 60 9.796667 80 11793.37 
5 75 90 7.183333 80 6340.642 
6 75 80 7.183333 80 6340.642 
7 75 70 7.183333 80 6340.642 
8 75 60 7.183333 80 6340.642 
9 50 90 4.796667 80 2827.224 
10 50 80 4.796667 80 2827.224 
11 50 70 4.796667 80 2827.224 
12 50 60 4.796667 80 2827.224 
13 25 80 2.272 80 634.3046 
14 25 70 2.272 80 634.3046 
15 25 60 2.272 80 634.3046 
 
Figure 2.5. Predicted standardised quality indicators for scenario 2. The y axis is the standardised 
value of quality indicators, which only shows the relative quality of each indicator. The large positive 
values of non-RMSE indicators represent better data quality, while the large negative values of 
RMSE indicators represent better data quality. 
-2.50
-2.00
-1.50
-1.00
-0.50
0.00
0.50
1.00
1.50
2.00
2.50
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Simulated flight number
Acceptable points% Normalised tie point RMSE Normalised cloud density
Tree height R² Tree height RMSE NIR PPC R²
NIR PPC RMSE NDVI PPC R² NDVI PPC RMSE
Chapter 2: Optimising Flight Planning for Measuring Horticultural Tree Crop Structure 
34 
 
In this case, simulated flight numbers 13 or 14, which had an altitude of 25 m and 80% 
and 70% image side-lap, were chosen as the optimal flight plans, as they had not only the 
highest accuracy of tree height and NIR-PPC estimation, but also the highest tie points 
quality and average point cloud density. Theoretically, the lower altitude provides a higher 
accuracy of the tree height estimation and a lower RMSE of the PPC estimation according 
to the trend shown in Figure 2.5. However, a lower altitude also increased the required time 
to finish a mission due to a smaller imaged area per photo. Therefore, in a practical situation, 
the optimal flight altitude still depends on the drone battery performance and the requirement 
of data accuracy. 
2.3.2.3. Optimal Setting for Scenario 3 
The third scenario assumed that the pixel GSD and image forward overlap were 
constant for all flight altitudes. Only the average imaged area changed according to the flight 
altitude in this case. Table 2.7 shows the combinations of variables of the simulated flights 
in scenario 3, while Figure 2.6 shows the simulated quality measure of each indicator. 
Table 2.7. Variables of simulated flights for scenario 3. 
Simulated No. Altitude (m) Side-lap (%) pixel GSD (cm) Forward overlap (%) Average imaged area (m2) 
1 100 90 2.272 80 11793.37 
2 100 80 2.272 80 11793.37 
3 100 70 2.272 80 11793.37 
4 100 60 2.272 80 11793.37 
5 75 90 2.272 80 6340.642 
6 75 80 2.272 80 6340.642 
7 75 70 2.272 80 6340.642 
8 75 60 2.272 80 6340.642 
9 50 90 2.272 80 2827.224 
10 50 80 2.272 80 2827.224 
11 50 70 2.272 80 2827.224 
12 50 60 2.272 80 2827.224 
13 25 80 2.272 80 634.3046 
14 25 70 2.272 80 634.3046 
15 25 60 2.272 80 634.3046 
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Figure 2.6. Predicted standardised quality indicators for scenario 3. The y axis is the standardised 
value of quality indicators, which only shows the relative quality of each indicator. The large positive 
values of non-RMSE indicators represent better data quality, while the large negative values of 
RMSE indicators represent better data quality. 
The results show that if the camera can achieve the same spatial resolution at any given 
flight altitudes (using lenses with different focal lengths or simply different cameras), it can 
produce higher estimation accuracy of tree height, when the flight altitude is high. However, 
higher altitude also decreased the accuracy of estimating PPC (mainly higher RMSE). 
Therefore, among the four selected flight altitude, 75 m was chosen to be the optimal flight 
altitude that achieves second highest tree height accuracy as well as average NIR-PPC 
RMSE and point cloud density. The image side-lap suggestion is similar to scenario 2, which 
should be set between 70% and 80% to achieve a balance between point cloud density and 
the accuracy of PPC estimation.  
2.4. Discussion 
This study focused on determining optimal flight planning settings, considering data 
quality in terms of photo alignment, point cloud densification, and the estimations of tree 
height and PPC. However, factors such as flight duration and processing time were not 
taken into consideration. For example, based on the analysis, the simulated flights in 
scenario 2 (section 2.3.2.2) suggested that lower flying altitude increased the data quality. 
On the other hand, flying at low altitude increases the required flight duration to cover the 
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same area and lengthen the processing time because of the smaller pixel size and larger 
number of pixels. 
Dandois et al. (2015) considered a flying altitude of 80 m to be optimal based on image 
collection and processing efficiency for mapping forest structure, as their study did not find 
significant influence of flight altitude on absolute location accuracy of the photogrammetric 
point cloud. As we discussed in section 2.3.1.1, the influences of pixel GSD and average 
imaged area on the accuracy of tree height estimation partly offset each other. Such offset 
may be the reason that made the overall influence of flying altitude on tree height estimation 
small in the previous study if changing altitude does not involve changing forward overlap 
(Table 2.4). However, findings like these will depend on the types of trees, their height and 
canopy structure. From the results we showed in section 2.3.2.2, we can tell that flying lower 
theoretically improves the accuracy of image-derived tree height, as the pixel GSD has a 
more dominating effect than the average imaged area on the regression model. 
Improvements in the accuracy of mapped tree height caused by higher image spatial 
resolution or lower flight altitude was also identified in a drone-based study by Johansen et 
al. (2018) for lychee trees and by Zarco-Tejada et al. (2014) for olive trees. Contrary to this, 
the simulated results in section 2.3.2.3 indicated that when the pixel GSD is identical at any 
given flight altitude, flying higher results in more accurate tree height estimation, although it 
also causes lower accuracy of PPC estimation at the same time. Therefore, to determine 
the optimal flight altitude for horticultural applications, the desired pixel GSD need to be 
carefully set based on the requirement of specific application of the multi-spectral imagery 
(Roth et al., 2018). 
The forward overlap of photos within a flight line is often set to exceed 75% for most 
drone based studies of horticultural trees without any specific consideration of the 
consequences of increasing or decreasing the forward overlap (Singh and Frazier, 2018). 
Based on the analysis result of model 2 (Table 2.4), the forward overlap was considered as 
the most important variable for the data quality in terms of photo alignment, point cloud 
densification, and the estimations of tree height and PPC. Although higher forward overlap 
increased the tie point RMSE, it did not influence the accuracy of tree height estimation, 
possibly due to the built-in noise filtering function in the pre-processing software package. 
This finding matches the conclusion by Dandois et al. (2015) that the forward overlap has 
the most significant influence on the location accuracy and quality of the photogrammetric 
point cloud. The threshold of forward overlap suggested by Dandois et al. (2015) was 80%. 
Our results showed that both the point cloud density and the accuracy of the tree height 
estimation dropped significantly once the forward overlap fell below 80% (see section 
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2.3.2.1). Limited consideration is often given to the setting of image side-lap, which tend to 
range from 60-80% in most studies (Dandois et al., 2015, Patrick and Li, 2017, Singh and 
Frazier, 2018). Our analysis of horticultural trees suggested that a range between 70% and 
80% is optimal to achieve the balance between the point cloud density and PPC estimation. 
As we discussed in section 2.3.1.2, higher image side-lap increased the point cloud density 
but decreased the R2 of PPC estimation using NIR-based method. The influence of speed 
on the accuracy of tree height estimation was uncertain in our experiment (see section 
2.3.1.4). However, the trigger speed of most cameras are limited to a set number of frames 
per time interval due to the I/O limit (Aasen et al., 2018, Roth et al., 2018). Therefore, this 
limit needs to be considered when planning the drone flight to satisfy the forward overlap 
requirement. Meanwhile, the pitch angle caused by the flying speed can be resolved by tilted 
camera installation if no self-levelling gimbal is available. Although the speed-induced pitch 
angle decreased the data quality in our cased, James and Robson (2014) demonstrated 
that the higher pitch angle improves the radial distortion of DTM from self-calibrating bundle 
adjustment at the edge of survey area. The systematic radial distortion doesn’t seem to 
affect the tree height estimation though, as the distortion is applied to both DSM and DTM 
and is minimised when CHM is produced. 
Research has shown that complex interactions exist between remotely sensed 
measurements of tree structural variables and illumination conditions (Tu et al., 2018, 
Wulder, 1998). Our results showed PPC estimation using the NIR-based method was the 
preferred option based on the analysis results in section 2.3.2, as that enabled accurate 
estimation of both tree height and PPC at the same time. Although that acquiring remote 
sensing imagery around solar noon is almost a rule of thumb to guarantee higher data quality 
(Zarco-Tejada et al., 2012, Bauer et al., 1986), the idea of solar noon is ambiguous because 
the solar elevation during solar noon varies according to regions and seasons. Dandois et 
al. (2015) suggested that higher solar elevation results in better accuracy on tree structure 
measurement in a forest environment, yet similar studies on horticultural tree crops are 
absent, and the effect of solar elevation may possibly differ between natural forest and 
artificially managed tree crops. The estimation accuracy of PPC using NIR information was 
particularly influenced by solar elevation (Table 2.4). In fact, higher solar elevation produced 
higher data quality assessed based on tie point RMSE, point cloud density, and the 
estimation of PPC. This corresponds to previous studies, also suggesting that the higher 
solar elevation provides a more accurate SfM point cloud for images captured either under 
clear sky or cloudy conditions (Dandois et al., 2015). However, the result in Table 2.4 shows 
that higher solar elevation slightly reduced the accuracy of tree height estimation. This may 
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be because of the structural characteristics of avocado trees. The canopy structure of 
avocado trees is formed by several thrusting layers of branches and leaves that derivate 
from the main stem (Schaffer et al., 2013a). This complexity of the tree canopy may cause 
features to be unidentified by the SfM algorithm due to lack of shadows creating within 
canopy contrast. This phenomenon may occur occasionally, and it is recommended that 
further research be undertaken on different types of tree crops or even avocado trees at 
different phenological stages to further assess interactions between tree canopy structure 
and solar elevation.   
2.5. Conclusion 
This study identifies a number of optimal drone flight variables that should be adopted 
when measuring tree height and PPC of horticultural tree crops. These include: (1) flying 
along the hedgerow, (2) using a smaller image pitch angle, (3) ensuring a high solar 
elevation, and (4) having an image side-lap of about 75%. Image forward overlap is one of 
the most important variables that influence almost every quality indicator and should be set 
as high as possible (>80%). When setting other variables such as flight altitude and flying 
speed, it must be ensured that there is sufficient image forward overlap to produce high 
quality data. The optimal altitude should be determined based on the required pixel GSD, 
which was demonstrated in the simulated optimal flight plans. Also, it was found that a higher 
flight altitude can sometimes produce more accurate measurements.  
From these outcomes, it is suggested that future research should test whether results 
similar to our findings can be achieved with other camera systems, as this study only used 
the Parrot Sequoia® multi-spectral camera. Furthermore, future studies should focus on 
assessing the impacts on image radiometric quality instead of the indirect regressed PPC 
estimation, as the PPC is calculated based on the spectral and textural information of tree 
crowns. Finally, it would be useful to evaluate whether outcomes can be extrapolated to 
other horticulture tree crops such as mango, macadamia, lychee, olive and citrus trees.
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This chapter reviews the available radiometric correction approaches for multi-spectral UAS 
imagery and assess their performance and address the current status of radiometric 
correction of UAS imagery. 
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3.1. Introduction 
There is a direct connection between how much photosynthetic active radiation is 
absorbed and scattered by plant leaves and their biogeochemical properties. These include: 
concentrations of photosynthetic pigments in visible bands, along with water and non-
photosynthetic pigments in mid-infrared bands, and leaf and canopy structure in near–
infrared (NIR) bands (Sellers, 1987, Lillesand et al., 2015, Heege, 2013, Jensen, 2016). 
Multi-spectral imagery captured from unmanned aerial systems (UAS) is becoming more 
commonly used as a technology for monitoring and managing horticultural crops based on 
such phenomenon (Zarco-Tejada et al., 2014, Torres-Sánchez et al., 2015, Herwitz et al., 
2003, Johansen et al., 2018, Candiago et al., 2015, Comba et al., 2015). One of the final 
products from common commercially available image processing applications is an ortho-
rectified mosaic with digital number values (Comba et al., 2015, Chianucci et al., 2016, 
Candiago et al., 2015). Although such images are sufficient for some types of classification 
(Chianucci et al., 2016, Comba et al., 2015, Jensen, 2016), the digital numbers only 
represent the relative brightness range of the ground features and cannot be used to extract 
consistent information on biophysical properties, derive calibrated vegetation indices or be 
used to compare multi-temporal datasets. Therefore, the orthomosaic imagery needs to be 
converted from digital number to normalised at-surface reflectance (Jensen, 2016, Iqbal et 
al., 2018). 
In past studies, one of the most common ways to correct the imagery from digital 
numbers to at-surface reflectance has been the simplified empirical approach (Wang and 
Myint, 2015, Johansen et al., 2018, Berni et al., 2009). The idea of the empirical method is 
to identify the relationship between known reflectance targets within the extent of an image 
to their measured digital number. The best-fit equation produced from this relationship is 
then used to convert all digital numbers within the image to at-surface reflectance values. A 
novel correction method to generate an orthomosaiced reflectance image directly without 
the need for an empirical correction has been developed in recent years for calibrating Parrot 
Sequoia® (Parrot Drone SAS, Paris, France) and MicaSense RedEdge® (MicaSense Inc, 
Seattle, WA, USA) multi-spectral imagery. The function in the Pix4DMapper software (Pix4D 
S.A., Lucerne, Switzerland) is called ‘reflectance map’, while a similar function is called 
‘calibrate reflectance’ in Agisoft MetaShape Pro (previously called Agisoft PhotoScan Pro, 
Agisoft LLC, St. Petersburg, Russia), which uses several photograph parameters to 
calculate reflectance (Parrot Drones SAS, 2017b). In terms of correcting for variations in 
illumination, software packages such as Agisoft MetaShape Pro and Pix4DMapper provide 
‘colour correction/balancing’ features to implement the image-information-based radiometric 
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block adjustment algorithm. Yet such algorithms only consider the homogeneity of adjacent 
images’ histogram, regardless of the bidirectional reflectance distribution function (BRDF) 
effect within a single image. Moreover, studies have also stated that irradiance normalisation 
and BRDF correction are essential for time-series applications and estimation of biophysical 
properties (Hakala et al., 2013, Honkavaara et al., 2013), yet they are not included as 
features in any commercial UAS processing software packages. 
Another issue that has not been addressed in UAS image-based radiometric correction 
is the selection of the most robust normalisation process. Traditionally, various parameters 
are considered for normalisation when processing satellite images, including solar, 
topographic, viewing geometries and Sun-Earth distance (Jensen, 2016). As for aerial 
imagery, the increasing spatial resolution and smaller frame size can cause a higher spectral 
variance in features information, especially in complex forest environments (Scarth, 2003, 
Wulder, 1998, Marceau et al., 1994). The increasing spatial resolution amplifies observed 
topographic and BRDF effects within and between image scenes, as the non-uniformity of 
natural surfaces becomes more obvious at finer scales (Wulder, 1998, Marceau et al., 1994). 
When coupled with increased variability in measured spectral reflectance observed at 
smaller pixel sizes, this creates a substantive problem for effective radiometric 
normalisation. In a highly dynamic platform such as UAS, ineffective normalisation may limit 
the ability for images of the same area, collected at different times, to be compared. 
This study assesses radiometric correction algorithms for UAS imagery provided from 
commercially available software packages. The applications of BRDF corrections are also 
investigated. While radiometric correction approaches to satellite and airborne imagery are 
well established, there is a significant lack of protocols and comparison of methods for 
radiometrically correcting UAS-based imagery. Our research addresses this gap in 
knowledge with a specific focus on horticultural environments. 
3.2. Materials and Methods 
3.2.1. Study Sites 
The two study sites were located in Queensland, Australia. The avocado orchard was 
located to the south of Bundaberg, which is one of the main avocado producing regions of 
Australia. The banana plantation was located in Wamuran in the Sunshine Coast hinterland 
of South East Queensland. The UAS-based focus areas encompassed 1 and 0.5 ha patches 
of the avocado and banana orchards, respectively (Figure 3.1). The average elevation for 
the avocado orchard was around 60 m above sea level, relatively flat terrain with an average 
slope of 4 degrees downward to the east. The banana plantation was located on a hill slope 
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with an elevation varying from 113 m to 170 m above sea level and an average slope of 21 
degrees downward to the north. 
  
(a) (b) 
Figure 3.1. Study sites: (a) Avocado orchard in Bundaberg, (b) banana orchard in Wamuran. 
3.2.2. UAS Data Acquisition 
Five UAS flight datasets, including three for the avocado orchard and two for the banana 
orchard, were captured with a Parrot Sequoia multi-spectral camera mounted on a 3DR Solo 
(3D Robotics, Berkeley, CA, USA) quadcopter under clear sky conditions. The camera 
acquires imagery in the green (550 nm, 40 nm bandwidth), red (660 nm, 40 nm bandwidth), 
red edge (735 nm, 10 nm bandwidth), and NIR (790 nm, 40 nm bandwidth) part of the 
spectrum with its 4.8 × 3.6 mm (1280 × 960 pixels) complementary metal–oxide–
semiconductor (CMOS) sensor. The camera is also fitted with an upward-facing irradiance 
sensor with the same spectral bands. The sensor can measure the arbitrary incoming 
irradiance for each image frame so that the irradiance measurement can be used for 
radiometric normalisation. 
The image acquisition of the avocado trees was conducted using an established flight 
grid pattern, which included both along- and across- tree-row flight directions. The first flight 
was conducted at 75 m above ground level (AGL) on 2 February 2017 between 2:11–2:25 
PM (60° solar elevation); the second flight was at 100 m AGL on 3 February 2017 between 
12:46–12:59 PM (80° solar elevation); and the third flight was at 50 m AGL on 5 February 
2017 between 12:34–12:40 PM (80° solar elevation). 
The banana plantation in Wamuran was located in hilly terrain. Therefore, the flight 
pattern had to follow the direction perpendicular to the slope aspect to ensure safety and 
data quality. A 1 m digital terrain model (DTM) was used to design the flight plan, to ensure 
the flight height was maintained at approximately 50 m AGL for each camera waypoint. We 
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used the data from two flights, which were collected between 11:37–11:44 AM and between 
12:11–12:17 PM on 4 April 2018. The sun elevation for both flights was approximately 57°. 
The rest of the flight settings were the same for both the avocado and banana orchard, that 
is, an 80% side-lap, 1-s image capture interval (>85% forward overlap), and 5 m/s flight 
speed. 
For every dataset, 10 AeroPoints® (Propeller Aerobotics Pty Ltd., Surry Hills, Australia) 
were deployed as ground control points (GCPs). The locations of the AeroPoints were 
recorded for five hours and subsequently post-processed using the Propeller® network 
correction based on the nearest base station, located within 26 and 11 km of the Bundaberg 
and Wamuram study sites, respectively. Eight radiometric calibration panels with greyscales 
ranging from black to white were deployed, following the method suggested by Johansen et 
al. (2018) and Wang and Myint (2015). The reflectance values of the calibration panels were 
measured with an ASD FieldSpec® 3 spectrometer (Malvern Panalytical Ltd., Malvern, UK) 
and ranged from 4% to 92% in all spectral bands, corresponding with the four bands of the 
Sequoia® camera (Figure 3.2). For the banana datasets only, a MicaSense® calibration 
panel was used to acquire calibration images for the Parrot Sequoia® camera. 
 
Figure 3.2. Measured spectral reflectance of the eight greyscale radiometric calibration panels, 
corresponding with the four Parrot Sequoia® multi-spectral bands using a handheld ASD visible- 
near-infrared (NIR) range spectrometer. 
3.2.3. Image Pre-Processing 
3.2.3.1. Geometric Correction and Initial Pre-Processing 
Agisoft MetaShape Pro and Pix4DMapper were used to process the multi-spectral UAS 
data with the addition of in-house Python scripts. For photo alignment, a limit of 10,000 tie 
points was used with the measured GCPs, derived from the AeroPoint® centres, imported 
to geometrically calibrate the images. The geo-referencing root-mean-square errors (RMSE) 
of the GCPs were 0.07 m, 0.11 m, and 0.02 m for the three avocado datasets, and 0.01 m 
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for both banana datasets, respectively. The overall projection error was 0.6 pixel in all 
datasets based on the bundle-adjustment error assessment report (Novaković et al., 2017). 
The projection errors of tie points were taken into account to eliminate poor-quality points, 
and a noise filter was also applied to assure the quality of the final products. For the Agisoft 
MetaShape Pro, a noise filter was applied during point cloud generation, while for 
Pix4DMapper the noise filter was applied during the derivation of the digital surface model 
(DSM). Mild filtering (or sharp smoothening) was used in both workflows to preserve as 
much detail as possible of the tree crown structure. The final step was to ortho-rectify the 
image pixels to the DSM and create a mosaic. In Pix4DMapper a vignetting polynomial was 
used, while for Agisoft MetaShape Pro, a distance to the surface model was developed for 
every pixel to simulate the radiant attenuation for vignetting correction (Parrot Drones SAS, 
2017a, Pix4D, 2018, Pasumansky, 2018). The two software packages use different 
projection algorithms to project pixels to the DSM. The orthomosaics from Agisoft 
MetaShape look closer to the original images, while the orthomosaics from Pix4DMapper 
often appeared with a halo effect around the perimeter of tall features (e.g., trees) caused 
by the ortho-rectification process (Figure 3.3). By default, Pix4DMapper produces the 
orthomosaic with colour-balancing enabled, while Agisoft MetaShape Pro did not have a 
function to balance brightness until version 1.3 as an optional calibration. 
   
(a) (b) (c) 
Figure 3.3. The appearance of the same avocado tree between (a) an original image; and the 
orthomosaics derived from (b) Agisoft MetaShape and (c) Pix4DMapper. Although the avocado tree 
looks similar in (a–c), the halo effect surrounding the tree in (c) is visible. 
3.2.3.2. Producing Analysis-Ready Data 
At-surface reflectance images were generated for each band for all datasets with four 
types of correction methods: 
1. Simplified empirical correction; 
2. Colour balancing before empirical correction; 
3. Irradiance normalisation before empirical correction; and 
4. Sensor-information based calibration. 
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The empirical correction in methods 1 to 3 was achieved using an in-house Python script 
to convert digital number (DN) values to at-surface reflectance from the orthomosaic 
products based on the radiometric calibration panels. This processing workflow produced a 
total of 144 (4 correction methods × 3 flight patterns × 3 flights × 4 spectral bands) and 32 
(4 correction methods × 2 flights × 4 × spectral bands) corrected images from each avocado 
and banana dataset, respectively. The reason we did not apply irradiance normalisation to 
the banana data was due to the unstable performance on the avocado data, which will be 
discussed in the discussion section later. The conceptual workflow of the radiometric 
correction process is shown in Figure 3.4. 
 
Figure 3.4. Conceptual workflow of the radiometric correction methods. 
For method 1, Agisoft MetaShape Pro was used to produce the orthomosaic with DN 
values. Its mosaic blending mode calculates weight for each matching pixel and gives the 
pixel with a projection vector closest to the planar normal vector the highest weight. 
(Pasumansky, 2017). Blended digital numbers were automatically adjusted based on the 
camera dark current and sensitivity. 
For method 2, we created a colour-balanced orthomosaic with DN values for the 
avocado data using Pix4DMapper and for the banana data using Agisoft MetaShape Pro. 
This was because the colour-balancing feature was not included in the Agisoft MetaShape 
Pro software at the time of processing the avocado data and it was preferable to keep the 
trees in the mosaic as similar to the original images as possible (see Figure 3.3). 
Nevertheless, these two software packages use the same algorithm for this task, so similar 
pixel value patterns were observed. The algorithm generated the new DN value of object 
point k in image j based on the equation: 
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𝐷𝑁𝑗𝑘 = 𝑎𝑟𝑒𝑙𝑗𝐷𝑁𝑖𝑘 + 𝑏𝑟𝑒𝑙𝑗 (3.1) 
where 𝐷𝑁𝑗𝑘  is the DN value of object point k in adjacent image i; 𝑎𝑟𝑒𝑙𝑗  and 𝑏𝑟𝑒𝑙𝑗  are the 
applied coefficients to the reference image to ensure that the overlapping images are 
radiometrically homogeneous. 
For method 3, an in-house Python code was used to extract the irradiance 
measurements recorded by the irradiance sensor and stored in the image metadata, to 
normalise all raw images using the image with the lowest irradiance as the reference to 
avoid DN saturation. It adjusted the DN value based on a multiplier coefficient: 
𝐶𝑗(𝜆) = 𝐸𝑟𝑒𝑓(λ)/𝐸𝑗(λ) (3.2) 
where 𝐸𝑟𝑒𝑓(λ) is the irradiance measured in the reference image and 𝐸𝑗(λ) is the irradiance 
measured in image j. By multiplying the DN value in image j with 𝐶𝑗(𝜆), image j can be 
assigned the same irradiance level as the reference image. Afterwards, the irradiance-
normalised images were imported into Agisoft MetaShape Pro to create the irradiance-
normalised orthomosaic. 
For method 4, we generated the reflectance image directly based on the equation: 
𝜌 = 𝐾𝑓2
(𝐷𝑁 − 𝐵)𝐺𝛤
(𝐴𝜀𝛾 + 𝐶)𝐶𝑜𝑢𝑛𝑡
 (3.3) 
where 𝜌 is the reflectance, K is an unknown arbitrary number; f is the camera f-number, ε is 
the exposure time in seconds, γ is the ISO value; A, B, and C are calibration coefficients 
which are recorded in the metadata. Count, G, and Γ are parameters of the irradiance 
sensor, which represent arbitrary irradiance level, gain, and exposure time in seconds 
respectively. When processing, users can choose whether to enable irradiance input for 
such calculation. If there is no irradiance measurement or the irradiance measurement input 
was disabled in the software, the irradiance level is then assumed to be the same across all 
images. To get K, at least one known reflectance target is required within the image to solve 
the arbitrariness. Otherwise, the calculated reflectance would be in an arbitrary reflectance 
without normalisation. This equation can also be applied when there is no irradiance 
measurement. In this case, it is based on the assumption that the irradiance was a constant 
and as such can be part of K. If neither importing irradiance measurements nor solving K in 
Equation (3.3), the calculated 𝜌 would be surface radiance in an arbitrary unit, which is 
linearly correlated with Wsr−1m−2. This method is relatively novel for UAS image processing 
but very similar to the conventional way of processing satellite imagery (Jensen, 2016). 
Equation (3.3) was applied to convert both avocado and banana datasets to at-surface 
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reflectance. At-surface radiance images were produced for the banana data only. It should 
be noted that Equation (3.3) can only be applied to Parrot Sequoia products because 
different sensors use different conversion equations. 
3.2.3.3. Correcting for Solar and Viewing Geometries Within and Between Images—
Bidirectional Reflectance Distribution Function (BRDF) 
Previous studies suggest that BRDF correction increases the brightness homogeneity 
of the mosaiced images for crop fields (Hakala et al., 2013, Honkavaara et al., 2013). To 
address this, we implemented a BRDF correction using the Walthal model (Walthall et al., 
1985) with an in-house Python script as a plugin of Agisoft MetaShape Pro. For each pixel, 
it is assumed we can back-calculate their spatial location accurately as well as their 
projection on the earth after optimising camera positions and orientations with the aid of 
GCPs. Based on the known solar ephemeris, we can calculate the solar zenith and azimuth 
angles at a specific date and time for every pixel. Sensor view zenith and azimuth angles 
were calculated using the projection vectors from the camera centre to each pixel, then 
transform the vectors from the camera coordinates to the world coordinate system. With the 
known illumination and viewing angles, we can then use the parameters to solve a Walthal 
BRDF model using tie points as multiple observations. The Walthal BRDF model is 
described as: 
𝑟 = 𝑎𝜃𝑣
2 + 𝑏𝜃𝑣 cos(𝜑𝑣 − 𝜑𝑠) + 𝑐 (3.4) 
where r is the reflectance, 𝜃𝑣 is the viewing zenith angle, 𝜑𝑣 is the viewing azimuth angle, 
𝜑𝑠 is the sun azimuth angle; and a, b, and c are the coefficients of the multivariate linear 
regression. We can calculate the nadir reflectance for the tie points by calculating the c 
value. In a horticultural environment, it is assumed there are usually two features on the 
ground: soil and vegetation. Therefore, we solved the Gaussian mixture model for each 
image and predicted which feature each pixel belonged to, based on its DN value. The linear 
regression for each feature in each image based on the tie points’ BRDF models was then 
calculated. By predicting which feature each pixel belonged to, a respective linear regression 
was applied to calculate the nadir reflectance for every pixel. For the avocado data, the 
BRDF correction was only applied to the generated orthomosaic with colour-balancing 
(method 2), following the recommendation of previously reported studies (Hakala et al., 2013, 
Honkavaara et al., 2013). However, the BRDF correction algorithm was applied to the 
banana data with the sensor-information-based calibration (method 4), to explore a workflow 
which is similar to method applied to satellite imagery for obtaining at-surface reflectance. 
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3.2.4. Assessment of Canopy Reflectance Consistency 
If it is possible to correct both internal and external errors due to canopy geometry and 
image orientation, then it should be possible to achieve similar results from the 
measurements which are conducted at the same time for the same features (Hapke, 1981, 
Sellers, 1987, Wulder, 1998, Moran et al., 1992). In other words, if a correction algorithm 
works properly, the corrected images from the temporally near-coincident datasets should 
provide consistent surface reflectance regardless of the variation in acquisition parameters. 
It was difficult to guarantee that the distribution of pixel values would be similar in the 
same area from different datasets, due to the variations in observation perspectives among 
different flights caused by differences in flying height, speed and flying pattern. However, 
we can still compare the similarity of the datasets in terms of calibrated pixel values using 
methods relying on simple statistical values such as box-and-whisker comparison. We 
compared the medians and interquartile range (IRQ) between two datasets to determine the 
likelihood of difference at the scale of objects, that is, individual trees and patches of bare 
ground. If the two datasets did not have overlapping IRQs, we can confidently say that the 
two datasets are significantly different. If the IRQs are overlapping, then we can use the 
fraction of difference between medians (DBM) over overall visible spread (OVS) to 
determine whether there is a difference between two datasets. As Wild et al. (2011) 
suggested, the critical fraction to identify the difference of DBM/OVS are stated as follow: 
1. For a sample size of 30, if this fraction is over 33%, there tends to be a difference. 
2. For a sample size of 100, if this fraction is over 20%, there tends to be a difference. 
3. For a sample size of 1000, if this fraction is over 10%, there tends to be a difference. 
In this case, the sample size is the pixel counts of the selected objects in the images. 
Based on the sample size and fraction values provided by Wild et al. (2011), the critical 
fraction for the sample size between these numbers can be derived using the exponential 
relationship between the fraction criterion and the natural logarithm of the sample size as: 
critical fraction =  2.6104 × (ln(𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒))−1.686 (3.5) 
This equation can help to determine the critical fraction for samples which have less 
than 1000 samples. Once the sample size reaches 1000, 10% is enough to determine if 
there tends to be a difference between two datasets. If the calculated DBM/OVS fraction 
had not exceeded the respective critical fraction, we concluded that there was no significant 
difference between the different input data. Thus, the estimated reflectance for selected 
feature was consistent between the datasets. 
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For the avocado and banana image datasets, the areas and number of sites sampled 
were chosen purposely, to cover variability in the trees, but also to be logistically feasible 
within our resources and time. The sample datasets will contain some bias, but it was not 
possible to obtain an exhaustive and statistically sound data set within our time constraints. 
For the avocado trees, we visually delineated image areas in the inner tree crowns for 17 
purposely selected trees. In association with these trees, image areas of 15 flat and weed-
free ground areas, were also purposely selected. For the banana data, image areas of 15 
trees and 10 ground areas were selected for the comparison (Figure 3.5). The delineated 
areas were saved as ESRI shapefiles and then batch-processed using an in-house Python 
script to derive zonal statistics of the delineated areas from corrected images, including 
median, the first quartile, the third quartile, minimum extreme, and maximum extreme. Such 
statistical attributes were extracted to Microsoft Excel files and compared between the same 
sampled feature from temporal near-coincident images which were corrected with the same 
correction method. The percentage of consistent results divided by total inputs was defined 
as the consistency rate in our study and used as an indicator of the robustness of each 
correction method. 
  
(a) (b) 
Figure 3.5. Selected trees and ground areas for both avocado (a) and banana (b) sites for box-and-
whisker comparison. 
3.3. Results 
In this section, we present the results of the calibrated reflectance consistency 
assessment with object-based box-and-whisker comparison for the avocado images. The 
box-and-whisker comparison results for the banana images will subsequently be presented. 
It should be highlighted that the analysis results in this section show the consistency of the 
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calibrated reflectance rather than the absolute accuracy compared to other spectral 
measurements. 
3.3.1. Reflectance Consistency Assessment of Avocado Imagery 
 
(a) 
 
(b) 
Figure 3.6. Consistency rate derived from box-and-whisker comparison for (a) canopy areas and (b) 
ground patches of avocado datasets. It only shows the lowest consistency rates among the three 
datasets because box-and-whisker comparison was only applicable to two datasets at a time. It 
shows that no method provided overall robust correction, while the consistency in the red edge and 
NIR bands is generally higher than in the green and red bands. 
Figure 3.6 shows the consistency rate of the calibrated reflectance for the 17 selected 
tree canopies and 15 selected ground patches. Detailed comparison for tree canopies and 
ground areas can be found in Tables A1–A3 and Tables A4–A6 in appendices section 
respectively. From Figure 3.6, we can tell that the reflectance consistency was much better 
for the canopy areas than the ground areas. Datasets 1, 2, and 3 had above ground flight 
altitudes of 75 m, 100 m, and 50 m, and solar elevation of approximately 60°, 80°, and 80° 
respectively. As mentioned before, we compared the sub-datasets which were the data with 
different flight patterns from the same flight. Therefore, since the tree canopy biophysical 
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conditions did not change much during one flight, a high consistency percentage across all 
flight patterns was expected if a correction method was optimal. It is noted that the 
consistency rates of the red edge and NIR bands are mostly moderate and higher than the 
green and red bands, especially using the empirical-correction-based methods. However, it 
seems that no correction method provided an overall high consistency percentage for all 
bands in all datasets in this presented experiment. No correction method provided 
consistently corrected reflectance values even for the canopy areas for dataset 3. The 
performance of colour-balancing and irradiance normalisation was not stable. Both of them 
increased the consistency rate in some of the datasets while decreased in others. 
3.3.2. Correction Consistency Assessment of Banana Imagery 
 
(a) 
 
(b) 
Figure 3.7. Consistency rate derived from box-and-whisker comparison for (a) canopy areas and (b) 
ground patches of banana datasets. The flight height is the same as avocado dataset 3 but the 
corrected values consistency is higher. The empirical-correction-based method provided higher 
consistency in red edge and NIR bands while sensor-information-based calibration provided higher 
consistency in green and red bands on canopies. 
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Figure 3.7 shows the consistency rate of the radiometrically calibrated values between 
two temporally close datasets for the 15 selected tree canopies and 10 selected ground 
patches. Detailed information can be found in Table B1. From Figure 3.7, we can tell that 
the calibrated values of canopies were more consistent than those for the ground areas, 
except for the NIR band using the simplified empirical correction. The consistency rates for 
the canopies in the red edge and NIR bands were generally higher than those for the green 
and red bands when the images were corrected with the empirical-correction-based method. 
It is noted that although the reflectance consistency rate was poor in the sensor-information-
based calibration, the calibrated arbitrary radiance provided the highest consistency for the 
green and red bands. 
3.3.3. BRDF Correction Consistency Assessment 
  
(a) (b) 
Figure 3.8. The diagrams show the predicted nadir DN versus observed DN by solving tie points' 
Walthal bidirectional reflectance distribution function (BRDF) coefficients for the avocado image, (a) 
shows the scatterplot for canopy tie points, (b) shows the scatterplot for ground tie points. The x-axis 
represents squared viewing zenith angle, and the y-axis represents the viewing zenith angle multiply 
by the cosine of solar-viewing azimuth angle difference. 
 
Figure 3.9. Image comparison before and after BRDF correction. The black arrow shows where the 
hot spot is. 
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Figure 3.8 shows the estimated BRDF models for both canopy and ground features for 
an avocado orchard image in the NIR band. Both prediction models and Figure 3.9 show 
that most of the DN changes, where BRDF corrections were largest, occurred in the canopy 
areas. We analysed both single image brightness homogeneity and surface reflectance 
consistency to assess whether the proposed BRDF correction worked properly. 
We used an image which contained mostly ground features and calculated the DN mean 
for every row and column. The covariance of rows and columns between the original image 
and corrected image were then compared to assess the single image brightness 
homogeneity for the avocado datasets. The larger the covariance was, the larger the DN 
values varied through the whole image. Results show that the covariance of the original 
image was 4,409,616 DN, whereas the covariance of the BRDF corrected image was 
3,864,839 DN, which means the overall spread of DN distribution became smaller after 
BRDF correction. We also used images where the calibration panels were in different 
locations to compare the DN values difference. The black panel in the original images had 
a DN difference up to 6000 higher when the panel was near the image edge rather than at 
the centre, where the difference was reduced to around 1000 in the BRDF corrected images. 
These assessments were evidence that the proposed algorithm increased the brightness 
homogeneity. Increasing brightness homogeneity for the same features from different 
images can reduce brightness variation between similar features. From Figure 3.9, we can 
tell that the hot spots in some of the original images of the avocado orchard were eliminated 
after BRDF correction. 
Table 3.1 shows the results of the box-and-whisker plot comparison for assessing 
reflectance consistency between different flight patterns. The proposed BRDF correction did 
not improve the performance in the green and red bands. Compared to the result of colour 
balancing before the empirical correction in Tables A2 and A5, the overall consistency 
increased a little bit in the red edge and NIR bands for canopies, although the difference 
was not significant. The consistency became even worse for the ground areas. 
Table 3.1. Reflectance consistency percentages between different flight patterns in dataset 2. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
BRDF + Colour balancing + Empirical correction on canopies 
Green 0% (same) 0% (same) 5.9% (better) 
Red 0% (same) 0% (same) 0% (same) 
Red edge 52.9% (better) 88.2% (better) 64.7% (better) 
NIR 41.2% (better) 17.6% (worse) 64.7% (better) 
BRDF + Colour balancing + Empirical correction on ground 
Green 0% (same) 0% (same) 6.7% (better) 
Red 0% (same) 0% (worse) 26.7% (better) 
Red edge 0% (worse) 26.7% (better) 0% (worse) 
NIR 6.7% (worse) 6.7% (worse) 46.7% (better) 
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The results of the BRDF correction with sensor-information-based calibration for the 
banana datasets did not provide robust solutions either (Table 3.2). Although the 
consistency rate of at-surface reflectance increased by a maximum of 33% in NIR band, the 
consistency of the calibrated at-surface radiance dropped significantly in the green and red 
bands compared to the results in Table B1. 
Table 3.2. Consistency assessment results for banana from box-and-whisker comparison between 
two temporally close flights. 
Correction Method Band Canopies Ground 
BRDF + Sensor-information-based calibrated surface reflectance 
Green 46.7% (better) 10% (better) 
Red 26.7% (better) 0% (same) 
Red edge 26.7% (better) 0% (same) 
NIR 33.3% (better) 0% (same) 
BRDF + Sensor-information-based calibrated arbitrary surface radiance 
Green 33.3% (worse) 10% (worse) 
Red 33.3% (worse) 40% (better) 
Red edge 53.3% (better) 0% (worse) 
NIR 20% (worse) 20% (worse) 
To sum up, we found that for the avocado datasets, none of the proposed corrections 
provided consistent at-surface reflectance in the green and red bands. The empirical 
corrections provided moderate consistency rates in the red edge and NIR bands when the 
data were acquired above 75 m AGL. There is no evidence to prove that colour-balancing 
and on-board irradiance normalisation provided robust improvements in consistency rates. 
However, the proposed BRDF correction somehow improved consistency rates in the red 
edge and NIR bands for the canopy areas compared to the colour-balancing correction. This 
result is an important finding in terms of the use of UAS, particularly the NIR band for 
mapping variability in tree condition. High NIR reflectance is synonymous with high tree 
vigour (Johansen et al., 2017, Robson et al., 2017b), and as such, using these image layers 
where high NIR reflectance is the result of a BRDF effect as opposed to actual tree variability 
may lead to incorrect assessment of crop condition and management decisions. For the 
banana datasets, we found that the empirical correction provided moderate consistency 
rates in the green and red bands even though the data were acquired at 50 m AGL. The 
consistency rates in the red edge and NIR bands were still higher, consistent with the 
observations for the avocado datasets. The sensor-information-based calibrated at-surface 
reflectance had the worst consistency rates in all bands. Nevertheless, the sensor-
information-based calibrated arbitrary at-surface radiance showed the best consistency 
rates in the green and red bands. A brief performance comparison of the proposed methods 
can be found in Table 3.3. 
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Table 3.3. A simplified comparison table of the proposed correction methods. G, R, RE, and NIR are 
green, red, red edge, and NIR bands respectively. X means the method doesn’t work well; V means 
the method works well; Δ means the results are unstable; O means the results are moderately 
consistent. 
Correction Method 
Avocado Datasets Banana Datasets 
G R RE NIR G R RE NIR 
Simplified empirical correction X X V V O O V V 
Colour-balancing + empirical correction X X Δ Δ O O V V 
Irradiance normalisation + empirical correction X X Δ Δ     
Sensor-information-based calibrated reflectance X X X X X X X X 
Sensor-information-based calibrated radiance     V V X O 
Remarks None of them works when flight altitude is 50 m  
3.4. Discussion 
3.4.1. The Influences of Flight Altitude and Image Scale 
There are several factors which affect the reflectance of tree canopies, such as viewed 
area, canopy geometry, terrain, and the viewing geometry between the ground surface, 
sensor, and the Sun (Wulder, 1998). As the spatial resolution increases, so does the 
variance of observed reflectance (Wulder, 1998). In addition, increasing spatial resolution in 
UAS imagery comes with lower flight altitude, which also means that each camera frame 
covers a smaller area. When creating orthomosaics for the same area with smaller image 
frames, higher variation in the illumination conditions and solar-viewing geometry will occur 
(Wulder, 1998, Iqbal et al., 2018, Hakala et al., 2013, Honkavaara et al., 2013). Therefore, 
the cause of the reflectance inconsistency in dataset 3 of the avocado orchard may be due 
to these two factors. Besides, when pre-processing satellite images, the topographic effect 
caused by terrain is much more severe than individual features in the scene so that the 
canopy geometry variation can usually be simplified by simple physical models (Dymond 
and Shepherd, 1999). However, when the spatial resolution increases, the canopy geometry 
starts contributing to the variation in reflectance which is no longer negligible. 
Moreover, it is well-known that the reflection properties of natural materials are usually 
scale-dependent (Gu and Gillespie, 1998). For very high spatial resolution imagery such as 
that acquired by a UAS, the BRDF effect becomes more serious because of increasing Sun-
surface-view geometry variation (Wulder, 1998). For correcting topographic effects for large-
scale images, the Lambertian assumption is applied to most of the natural surfaces (Gu and 
Gillespie, 1998). However, many studies have suggested that the BRDF models for natural 
surfaces are more sophisticated instead of being Lambertian (Coulson et al., 1965, Verhoef 
and Bach, 2007, Gao et al., 2003, Lucht et al., 2000). Meanwhile, the diffusive illumination 
from the environment may affect the observed reflectance as well (Gu and Gillespie, 1998, 
Goetz, 2012). Such scattering from surroundings is easier to observe from the fine-scale 
measurement (Goetz, 2012). This factor may be the cause of the inconsistent reflectance 
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we found in our ground samples and some of the tree canopies. In a horticultural 
environment, trees cover the majority of a scene, and ground areas are surrounded by trees. 
Therefore, we suspect that the higher possibility of diffusive light influenced the radiance the 
camera acquired, especially in the ground areas. 
3.4.2. The Influence of Canopy Geometric Complexity on Reflectance Consistency 
As mentioned above, the reflectance variation caused by canopy geometry becomes 
significant as the spatial resolution increases. This effect can be observed in the avocado 
datasets. Avocado datasets 2 and 3 had almost the same acquisition conditions, except for 
the flight altitude. Dataset 2 had a flight altitude of 100 m, which resulted in a 9.86 cm ground 
sample distance (GSD), whereas dataset 3 at a flight altitude of 50 m had a GSD of 4.74 
cm. At such a high spatial resolution, we suspect that the effect of directional reflectance 
caused by leaf angle variation also started to contribute to radiometric distortion due to the 
reflection angle non-uniformity. In addition, such effect was more serious for the avocado 
orchard than for the banana plantation because the complexity of avocado tree crowns is 
much higher. The avocado dataset 3 had the same flight altitude as the banana datasets. 
However, there was no reflectance consistency in avocado dataset 3 while there was still 
some consistency observed in the banana datasets. 
3.4.3. The Limitation of Simplified Empirical Correction 
Studies have observed that the Parrot Sequoia multi-spectral camera has different 
sensitivity in different bands, and the maximum detectable reflectance for green and red 
bands is around 40% (González-Piqueras et al., 2018). The saturation problem in the green 
and red bands reduces the effectiveness of empirical correction because it reduces the 
samples for calculating the linear regression. Moreover, the diffusive radiant flux in the 
horticultural environment may also cause the observed albedo of the calibration panels in 
the UAS images to be inaccurate, especially if the panels were deployed in a tree-
surrounded area. Since the green and red bands are more sensitive, we suspect that the 
scattering of green and red radiant flux from the environment influenced the albedo 
measurement of the panels more seriously. Such characteristics can explain why the 
empirical correction always resulted in worse consistency in the green and red bands. 
Besides, the bidirectional reflectance phenomenon was also observed on the panels (see 
Section 3.3.3). Perfectly Lambertian surface materials are expensive so we used a more 
cost-effective alternative, which was proposed by Wang and Myint (2015). However, 
brightness variation in panels was still observed in some individual images. Except for the 
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possible diffusive flux influence, some of the brightness difference may be caused by 
backscatter as well. 
In addition, the canopy geometric complexity of avocado trees also caused some 
problems when applying empirical corrections. The calibrated reflectance was very often 
negative in the green and red bands in the avocado data when using the empirical correction, 
but such a negative reflectance problem was absent in the banana data using the same 
correction. We suspect that the complex canopy geometry caused many shaded leaves 
within tree crowns so that those shaded leaves obtained negative reflectance values after 
applying the empirical correction based on the panels. Besides, as previously mentioned, 
diffusive green and red radiant flux may increase the measured albedo from the panels, 
creating a false relationship between pixel DN and at-surface reflectance. Setting the linear 
regression with a 0 interception could solve the negative values problem. However, this is 
not practical since the minimum DN value depends on the black current of the camera 
instead of zero. The negative reflectance will cause problems when deriving vegetation 
indices from the reflectance data. The solution is subtracting the minimum value which was 
found in the canopy areas (equivalent to adding the value which has the maximum 
magnitude in the negative domain) from the calibrated reflectance image, as long as the 
reflectance still matches the spectral signature of vegetation. 
3.4.4. UAS Based Irradiance Measurements 
We also noticed that the irradiance measurements with the Sequoia® irradiance sensor 
had directional variation. In avocado dataset 1, the solar elevation was around 60°, and the 
flight direction was along-row, approximately aligned with the direction of the Sun. 
Comparing this with the coincident dataset, which was flown perpendicular to the Sun 
direction, the recorded irradiance measurements from adjacent images appeared with a 
30% difference in its arbitrary irradiance unit, which is homogeneous to Wm−2 . Such 
differences may be the cause of unstable correction performance (see Table 3.3). Most of 
the modern onboard UAS irradiance sensors are equipped with a cosine corrector, which 
was proved to increase the accuracy (Bendig et al., 2018). The lack of a cosine corrector for 
the Sequoia irradiance sensor may prevent the measured irradiance from being direction 
independent. This is why we did not apply the irradiance measurements for the radiometric 
correction and the sensor-information-based calibration for the banana datasets. 
3.4.5. Proposed BRDF Correction 
From Table 3.1, we can tell that the proposed BRDF correction did not improve the 
reflectance consistency. Part of the reason may be due to the limitation of the empirical 
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correction we mentioned in Section 3.4.3. However, from Table 3.2, we can tell that even 
without applying the empirical correction, the BRDF correction did not provide a robust 
solution for consistent measurements. Such inconsistency may be caused by non-uniform 
leaf inclination angle, which is proved to impact the BRDF models (Walthall et al., 1985, 
Verhoef and Bach, 2007). Besides, some studies also suggested that the topographic effect 
on the BRDF models need to be addressed (Gu and Gillespie, 1998, Wulder, 1998). As we 
discussed in Section 3.4.1, with very fine-scale UAS imagery, the non-uniform reflection 
properties caused by solar-surface-viewing geometry variation starts to affect the 
observation. Therefore, instead of only addressing the solar-viewing geometry, as with the 
proposed BRDF correction algorithm, the surface topography also needs to be considered 
for solving solar-surface-viewing geometry variation. 
Another problem in our proposed algorithm is that solving the Gaussian mixture model 
of the pixel value distribution did not provide a good prediction to the objects in the images. 
Although there were usually two types of features in the scenes, there were many pixels in 
the canopies belonging to shaded leaves that were classified as ground features, and some 
pixels of the ground features which had hot spots that were classified as canopies. The 
wrong prediction of features resulted in the inappropriate linear regression being applied to 
those pixels. Consequently, such corrected images were very likely to make the correction 
more inconsistent. Since object detection using machine learning in UAS imagery has 
significantly progressed (Ma et al., 2015, Cheng and Han, 2016, Hung et al., 2012), we 
believe that this technology can possibly provide a robust solution to object detection. The 
correct object detection can help to solve the BRDF problem by providing the correct model 
to respective objects in the images. An accurate object detection method can also help us 
to build empirical BRDF models for specific features in the images with enough input data. 
We believe that this will be a convenient way to deal with the BRDF problem. 
3.4.6. Potential of Sensor-Information-Based Calibration 
Although the sensor-information-based calibration to at-surface reflectance with panel 
input did not work very well (Figure 3.7), the arbitrary at-surface radiance from such 
calibration provided the best consistency in the green and red bands. The reason that the 
calibrated at-surface reflectance was not consistent may be due to insufficient data to 
correlate the radiance with reflectance. This method only relies on one reflectance target to 
solve the arbitrariness instead of creating a linear relationship over a range of reflectance 
values. Additionally, this calibration heavily relies on the coefficients provided by the 
manufacturers (Equation (3.3)). This characteristic can explain why the at-surface radiance 
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consistency rates in the red edge and NIR bands were not as high as the green and red 
bands because the coefficients recorded in the firmware may not have been as accurate. 
The behaviour of how captured radiance is converted to DN may also change after a 
firmware update. Therefore, camera manufacturers should pay careful attention to identify 
the physical variables collected to calibrate the sensor, to make sure the energy-to-signal 
conversion behaviour works as expected (Del Pozo et al., 2014, Hiscocks, 2011). Moreover, 
with the in-situ radiance measurement, camera end users could possibly calculate the 
conversion equation themselves to fit their needs in the local environments (Del Pozo et al., 
2014). Once we can figure out accurate calibration parameters for a specific camera to get 
accurate surface radiance in Wsr−1m−2 , it is possible to use either ground or onboard 
irradiance sensors to measure the irradiance in Wm−2  to calculate accurate surface 
reflectance. 
3.5. Conclusions 
Our results show that the bidirectional reflectance distribution function (BRDF) is an 
essential factor, which needs to be taken into account to reduce brightness variations due 
to illumination and sensor geometries in UAS images. As discussed in Sections 3.4.1 and 
3.4.5, the fine-spatial scale characteristic of UAS imagery causes more serious BRDF effect. 
Past studies suggest that using the Walthal BRDF model will resolve the solar-viewing 
geometry variation (Honkavaara et al., 2013). However, in a more complex environment like 
orchards or even forest, the topography should also be considered to resolve the solar-
surface-viewing geometry variation instead (Gu and Gillespie, 1998). With enough input data, 
we can even build empirical BRDF models for features of interest and apply the respective 
models to different features in the images with the aid of object detection. Accurate BRDF 
model application should enable effective BRDF correction, which allows accurately 
mosaicking UAS images to provide more accurate analysis ready data for mapping and 
monitoring environmental changes. 
The simplified empirical correction worked to some degree. Although the simplified 
empirical correction has proved to provide some good results in precision agricultural 
applications (Berni et al., 2009, Iqbal et al., 2018), for measuring trees with complex canopy 
geometry, it is suggested not to acquire UAS imagery below a specific height because the 
smaller frame size and higher spatial resolution can increase the variation of solar-surface-
viewing geometry. Some studies also suggested that flying the UAS at around 80 m AGL is 
the optimal protocol for measuring trees (Dandois et al., 2015, Johansen et al., 2018), which 
is very close to the height threshold we found for the avocado datasets. Besides, the 
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surrounding environment of the calibration panels plays an important role to provide 
accurate reference. As we discussed in Section 3.4.3, it should be as open and flat as 
possible to avoid diffusive radiant flux, influencing the observed albedo for the panels. 
Meanwhile, the reflectance design of the panels should also consider the radiant flux 
spectral sensitivity of the camera to avoid signal saturation. 
The proposed illumination corrections, including colour-balancing and irradiance 
normalisation, did not exhibit stable performance in our experiment. Although colour-
balancing has appeared to improve brightness homogeneity in past studies (Hakala et al., 
2013, Honkavaara et al., 2013), previous studies were conducted in a relatively 
homogenous environment and did not assess its absolute accuracy. On the other hand, the 
lack of cosine corrector on the irradiance sensor makes the measured irradiance 
directionally dependent. Therefore, in order to address a proper irradiance normalisation, 
accurate irradiance measurements should be conducted either on ground or onboard the 
UAS (Hakala et al., 2013). 
Finally, sensor-information-based calibration has the potential to provide accurate 
reflectance. Although it did not provide consistent results in our experiment, by calculating 
the accurate calibration coefficients, it is possible to convert the DN values to at-sensor 
radiance in Wsr−1m−2 directly. With a simultaneously accurate measurement of irradiance 
in Wm−2 , the camera-measured at-surface radiance may be processed to at-surface 
reflectance directly. In addition, this calibration method takes photography factors into 
account so that it can reduce the possibility of brightness variation due to floating 
photography settings. 
Radiometric correction protocols for satellite images are now commonly applied, and 
provide the basis for analysis-ready data and for correcting images for illumination change, 
atmospheric effect, viewing geometry, and instrument response characteristics (Lillesand et 
al., 2015). Although techniques for processing UAS multi-spectral imagery are relatively new, 
the general problems we need to deal with are still very similar, although the scale is much 
smaller and the details of data are much higher. This study addresses which factors should 
be considered for radiometrically correcting UAS multi-spectral imagery in order to analyse 
tree crops’ biophysical properties and their temporal changes. Future related work should 
focus on addressing effective BRDF correction, as well as establishing a standard protocol 
for camera signal-to-radiance-to-reflectance conversion. 
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4.1. Introduction 
Genetic variation, phenological growth stage and abiotic and biotic constraints can all 
influence tree structural parameters such as height, canopy extent and foliage density (Aiba 
et al., 2013, Boegh et al., 2002, Saari et al., 2011, Díaz-Varela et al., 2015, Panagiotidis et 
al., 2017, Zarco-Tejada et al., 2014, Johansen et al., 2018, Torres-Sánchez et al., 2015, 
Bally and Ibell, 2015, Schaffer et al., 2013a, Whiley, 2000, Robson et al., 2017b). For 
instance, vigorous trees usually result in tall and dense canopies that influence the 
productivity (Bally and Ibell, 2015, Schaffer et al., 2013a, Whiley, 2000). As such, 
measurements of these parameters can provide growers with a strong indication of plant 
condition or vigour, photosynthetic capacity and yield potential (Rahman et al., 2018, Viau 
et al., 2005). In most Australian horticultural industries, such assessment is usually 
conducted by on-ground visual evaluation, which is time-consuming, labour-intensive, 
subjective and often inconsistent (Johansen et al., 2017, Johansen et al., 2018, Searle, 
2017, Robson et al., 2017a). Therefore, there is a demand for more efficient, accurate and 
quantitative alternatives for such assessments. 
Remote sensing has been used to estimate tree canopy structural attributes, such as 
tree height, canopy extent, and plant projective cover (PPC), for decades (Xue and Su, 
2017, Wulder, 1998, Johansen et al., 2008, Pekin and Macfarlane, 2009, Chianucci et al., 
2016). Conventionally, these types of data were acquired by either satellites or aircrafts, 
which are time and weather constrained. In the case of satellite data, it is difficult to acquire 
data with on-demand spatial, spectral, and temporal specifications that is tailored for specific 
sites, products, and delivery times for horticultural applications (Aasen et al., 2018). More 
recently, UAS have been considered as a useful platform to acquire suitable remotely 
sensed data for measuring horticultural tree crop structure, as it provides both higher spatial 
and temporal resolution and the flexibility of operations (Xue and Su, 2017, Zarco-Tejada et 
al., 2014, Torres-Sánchez et al., 2015, Johansen et al., 2018). Airborne image data, initially 
stereo-photography, were analyzed using soft-copy photogrammetry to provide information 
for extracting ground and canopy heights (Díaz-Varela et al., 2015, Zarco-Tejada et al., 
2014, Boegh et al., 2002, Panagiotidis et al., 2017, Saari et al., 2011, Johansen et al., 2018, 
Staben et al., 2016), while more recently this has been done by collection and processing 
of LiDAR point clouds (Aiba et al., 2013, Wallace et al., 2014, Lin et al., 2011, Zhao et al., 
2012, Wu et al., 2018). Similar products are now generated from UAS multi-band image 
data using multiple forms of softcopy photogrammetry, such as structure from motion (SfM). 
As SfM algorithms have become part of the standard procedure of UAS image processing 
workflows, UAS imagery has the potential to become a more accepted method for 
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measuring tree structure, providing a similar degree of accuracy and better spectral fusion 
compared to LiDAR systems (Dandois et al., 2017, Zarco-Tejada et al., 2014). 
Canopy structural dimensions can be expressed by the tree height and the tree crown 
extent (Díaz-Varela et al., 2015), while the canopy density can be expressed by the PPC 
(Pekin and Macfarlane, 2009). PPC is defined as the vertically projected fraction of leaves 
and branches in relation to sky, which is often referred to as canopy cover or crown cover 
(Johansen et al., 2008, Pekin and Macfarlane, 2009, Chianucci et al., 2016). It has been 
proved to be a good indicator of biomass (Pekin and Macfarlane, 2009, Johansen et al., 
2008). Previous studies have estimated PPC at the site scale (Chianucci et al., 2016, Getzin 
et al., 2014). However, for tree crop managers, the plant-scale condition of individual trees 
is more relevant when applying agricultural inputs at the tree level (Searle, 2017). Plant-
scale PPC estimation using near-infrared (NIR) brightness from multi-spectral UAS imagery 
has proved to be an accurate approach for lychee trees (Johansen et al., 2018). As the 
canopy structure of lychee trees is considered to be ‘rhythmic’ (Robbertse et al., 1995), little 
is known about whether such plant-scale PPC estimation techniques are feasible for other 
tree crops such as avocado trees, as the architecture of avocado trees is significantly 
different to lychee trees (Hallé et al., 1978). Although Salgadoe et al. (2018) suggested that 
photo-derived PPC is also a good indicator of avocado tree condition, the difference of 
canopy density is not significant to differentiate trees between moderate and poor condition 
(Salgadoe et al., 2018). Hence, combining the canopy structural dimension for tree vigour 
estimation may be beneficial (Rahman et al., 2018). The estimated tree height and canopy 
extent derived from UAS imagery are now considered highly accurate in comparison to 
ground measurements (Zarco-Tejada et al., 2014, Johansen et al., 2018, Díaz-Varela et al., 
2015, Panagiotidis et al., 2017, Torres-Sánchez et al., 2015), yet limited research has 
integrated the dimension and PPC to express tree condition. 
Tree condition evaluation methods are generally conducted by classifying trees into 
condition categories based on visual assessment of tree canopy structure. This assessment 
is based on tree canopy structure, and hence should be quantifiable from the 
aforementioned structural attributes that derived from UAS imagery. Johansen et al. (2017) 
used near-infrared (NIR) brightness as the input feature of a random forest classifier to 
predict the condition of macadamia trees. Different growing stages and levels of stress for 
avocado trees produce changes in overall canopy form (Salgadoe et al., 2018), and the 
amount of leaf, stem and trunk biomass, these resulted in different NIR reflectance levels 
(Lillesand et al., 2015, Jensen, 2016, Heege, 2013) which were detected by the classifier in 
the study. The results indicated a moderate accuracy, hypothesised to be attributed to the 
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very high spatial resolution of the UAS imagery, combined with the complex NIR scattering 
properties of the tree crop leaf and canopy structures. Based on this foundation, we explored 
methods that use all the available image-derived structural attributes and linked these with 
the field-derived structural measurements for condition assessment.  
The objectives of this work were to: 
1. use multi-spectral UAS imagery to map and assess the accuracy of tree height, canopy 
width and length, and PPC estimates for avocado trees, and  
2. use the highly correlated image-derived structural attribute maps to produce a tree 
condition ranking matched to on-round observer techniques.  
This study explores a novel and innovative approach to assess horticultural tree crop 
condition directly related to canopy structural attributes estimated from UAS image data and 
used to rank avocado tree condition. Such a condition ranking strategy could play a role to 
bridge the gap between the remote sensing expertise and farmers’ knowledge of their tree 
crops, delivering information able to be used immediately as part of on farm management 
practices. 
4.2. Materials and Methods  
4.2.1. Study Sites 
The study site is one of the main Hass avocado producing orchards in Australia, which 
is located to the south of Bundaberg, Queensland, Australia. The region experiences a 
subtropical climate with long hot summers and mild winters. The post-harvest pruning 
usually occurs in late Austral winter (August) or early spring (September), where major limbs 
are removed to maintain orchard access between rows and enhance light interception. 
Flowering occurs between early September and mid-October, followed by two fruit drop 
events usually between late October and January for readjusting fruit load to fit the tree 
ecological resources (Schaffer et al., 2013b). Harvesting of avocado normally occurs in May. 
The UAS based focus areas encompassed a 1 ha patch of the avocado orchard, within 
which structural parameters of 45 avocado trees were evenly selected and measured 
(Figure 4.1). The avocado trees were planted in 2005 with a 5 m spacing. The average 
elevation for the avocado orchard was around 60 m above sea level, and it had relatively 
flat terrain with an average downward slope of 4 degrees towards east. 
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(a) (b) 
Figure 4.1. The (a) outline of the study area and (b) aerial view of the avocado orchard in Bundaberg, 
Australia. The green dots in (a) represent the selected in-situ measured trees. The Australia basemap 
in (a) uses imagery from World-View 2 provided by DigitalGlobe. 
4.2.2. Field Data 
Field measurements were collected between 2 and 6 February 2017, where the canopy 
becomes dense at the end of summer leave flush (Newett et al., 2001). Tree height was 
measured using a TruPulse 360B laser rangefinder (Laser Technology Inc, Centennial, 
USA) from the ground to the tree apex at a distance greater than 10 m from the trunk to 
reduce the effect of tree inclination (Laser Technology Inc., 2009). Canopy widths were 
measured, in the direction along the hedgerow, as the horizontal distance between the two 
staffs placed at the outermost edge of each side of the tree crown.  
PPC for individual trees was estimated via a digital cover photography (DCP) method 
(Pekin and Macfarlane, 2009) using a Nikon Coolpix AW120 digital camera (Nikon 
Corporation, Tokyo, Japan). Eight representative cover images were taken at various 
locations at approximately half way between the trunk and the outer edge of the tree crown 
of each tree during dusk. These images were imported into the Can-Eye software (French 
National Institute of Agronomical research, Paris, France) to estimate gap fraction to 
calculate PPC. 
A total of 66 trees, selected based on their variability in condition, were visually assessed 
by an avocado tree expert and classified into four condition categories: (1) Excellent, (2) 
Good, (3) Moderate, and (4) Fair (Figure 4.2), based on the modified Ciba-Geigy scale 
method for the Australian avocado industry (Salgadoe et al., 2018). Twenty-two of the 66 
assessed trees were part of the selected 45 trees, which had their structural properties 
measured for validation purposes. The number of trees for each condition category can be 
found in Table 4.1. 
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(a) (b) (c) (d) 
Figure 4.2. The condition ranking for avocado trees based on farmers’ knowledge. The standard 
ranking method classifies the trees into four categories: (a) Excellent, where there was no sign of 
defoliation; (b) Good, with few wilting leaves occurring; (c) Moderate, where approximate one third 
to half of the green leaf tissues were wilted; and (d) Fair, where more than half of the leaves were 
dead. 
Table 4.1. Number of avocado trees classified in situ into respective condition rankings. 
Ranking 1- Excellent 2- Good 3- Moderate 4- Fair 
Count 8 21 32 5 
4.2.3. UAS Data Acquisition 
The multi-spectral UAS imagery was captured with a Parrot Sequoia® multi-spectral 
camera (Parrot Drone SAS, Paris, France) mounted on a 3DR Solo (3D Robotics, Berkeley, 
USA) quadcopter under clear sky conditions. The camera acquires imagery in the green 
(550 nm, 40 nm bandwidth), red (660 nm, 40 nm bandwidth), red edge (735 nm, 10 nm 
bandwidth), and NIR (790 nm, 40 nm bandwidth) part of the spectrum with its 4.8 × 3.6 mm 
(1280 × 960 pixels) CMOS sensor. The image acquisition parameters, i.e., flight height, side-
lap, and flight speed, etc., were designed based on the suggestions from previous studies 
(Dandois et al., 2015, Johansen et al., 2018, Tu et al., 2018). The flight was conducted in 
an along-tree-row pattern at 75 m AGL on 2 Feb 2017 between 2:11-2:17 PM (60° solar 
elevation). The side-lap of the images was 80%, the image capture interval was set to 1 
second (92% forward overlap), and the flight speed was 5 m/s.  
Ten AeroPoints® (Propeller Aerobotics Pty Ltd, Surry Hills, Australia) and eight gradient 
panels in greyscale were deployed for geometric and radiometric correction purposes, 
respectively. The locations of the AeroPoints were recorded for five hours and subsequently 
post-processed using the Propeller® network correction based on the nearest base station, 
located within 26 km of the study site. The calibration panels were designed based on the 
suggestion of Wang and Myint (2015). The reflectance values of the calibration panels were 
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measured with an ASD FieldSpec® 3 spectrometer (Malvern Panalytical Ltd, Malvern, UK) 
and ranged from 4% to 92% in all spectral bands, corresponding with the four bands of the 
Sequoia® camera (Figure 4.3). 
 
Figure 4.3. Spectral reflectance of the eight greyscale radiometric calibration panels measured in-
situ with a field spectrometer and resampled to match the four Parrot Sequoia® multi-spectral bands. 
4.2.4. Image Pre-Processing 
Agisoft MetaShape Pro (previously called Agisoft PhotoScan Pro, Agisoft LLC, St. 
Petersburg, Russia) was used to process the multi-spectral UAS data with the aid of an in-
house Python script to optimise and automate the process. The key point and tie point limits 
were set as 40,000 and 10,000 respectively for photo alignment. The measured ground 
control points (GCPs) derived from the AeroPoints® were imported to geometrically calibrate 
and geo-reference the images. The geo-referencing root-mean-square error (RMSE) of the 
GCPs was 0.07 m. The overall projection error was 0.6 pixel based on the bundle-
adjustment error assessment report. The projection errors of tie points were taken into 
account to eliminate poor-quality points, and a noise filter was also applied to assure the 
quality of the final products. A mild noise filter was applied during the point cloud 
densification process to keep as many details on the tree structure as possible. The 
densified photogrammetric point clouds were then classified to identify ground points before 
generating both a digital surface model (DSM) and digital terrain model (DTM). Before ortho-
rectifying images, colour correction was enabled to calibrate the vignetting effect and reduce 
brightness variation caused by variations in photographic parameters (e.g. ISO value, 
shutter speed, etc.), which cannot be set to a constant value for the Parrot Sequoia camera. 
Orthomosaics were also produced with the colour balance option disabled to preserve the 
pixel values as close to the original images as possible (Tu et al., 2018, Hakala et al., 2013) 
(Figure 4.4).  
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(a) (b) 
Figure 4.4. The orthomosaics of the red edge band (a) without colour-balancing and (b) with colour-
balancing. The south part of the mosaic in (a) is darker than the north part, while such brightness 
variation is less pronounced in (b). This phenomenon was caused by dynamic photographic 
parameters and only occurred in the green and red edge bands in this case. 
4.2.5. Producing Analysis Ready Data  
In order to estimate the tree height, we derived a canopy height model (CHM) by 
subtracting the DTM from the DSM. For PPC, we used the brightness of red edge and NIR 
bands and a range of vegetation indices based on the at-surface reflectance imagery from 
the orthomosaic. The brightness is the direct output of image pre-processing, which was 
recorded in digital number (DN) and had a strong causality with at-surface reflectance. At-
surface reflectance imagery was created using a simplified empirical correction based on 
the radiometric calibration panels, which was suggested by previous studies (Wang and 
Myint, 2015, Johansen et al., 2018, Tu et al., 2018), with the aid of an in-house Python script. 
However, the initial corrected at-surface reflectance imagery appeared with some negative 
reflectance values due to shaded leaves and perhaps inaccurate reflectance estimations 
from the panel (Tu et al., 2018). Therefore, we manually delineated the tree rows and 
calculated the zonal statistics within these regions to get the minimum value for each band 
of each mosaic. These negative values were applied for dark feature subtraction (Jensen, 
2016) to offset the pixel values in the reflectance images to make sure that most of the at-
surface reflectance values within the tree rows were positive and the spectral signature fitted 
the spectral characteristic of vegetation. Subsequently, the two at-surface reflectance 
orthomosaics were used to generate the following vegetation indices: (1) Normalised 
Difference Vegetation Index (NDVI), (2) Normalised Difference Red Edge Index (NDRE), (3) 
green NDVI (g-NDVI), (3) Red Edge Normalised Difference Vegetation Index (RENDVI), 
and (5) Green Chlorophyll Index (ClGE) (Table 4.2). These indices were selected because 
they are commonly used in precision agricultural applications and have proven useful for 
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estimating the biomass and productivity with a specific degree of accuracy (Heege, 2013, 
Xie et al., 2018, Xue and Su, 2017, Candiago et al., 2015, Robson et al., 2017b).  
Table 4.2. Formulae of vegetation indices which were used in this study. 
Vegetation Index Formula 
Normalised Difference Vegetation Index (NDVI) 
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑
𝑅𝑁𝐼𝑅 + 𝑅𝑅𝑒𝑑
 
Green Normalised Difference Vegetation Index (gNDVI) 
𝑅𝑁𝐼𝑅 − 𝑅𝐺𝑟𝑒𝑒𝑛
𝑅𝑁𝐼𝑅 + 𝑅𝐺𝑟𝑒𝑒𝑛
 
Red Edge Normalised Difference Vegetation Index (RENDVI) 
𝑅𝑅𝑒𝑑 𝑒𝑑𝑔𝑒 − 𝑅𝑅𝑒𝑑
𝑅𝑅𝑒𝑑 𝑒𝑑𝑔𝑒 + 𝑅𝑅𝑒𝑑
 
Normalised Difference Red Edge Index (NDRE) 
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑 𝑒𝑑𝑔𝑒
𝑅𝑁𝐼𝑅 + 𝑅𝑅𝑒𝑑 𝑒𝑑𝑔𝑒
 
Green Chlorophyll Index (ClGE) 
𝑅𝑁𝐼𝑅
𝑅𝐺𝑟𝑒𝑒𝑛
− 1 
𝑹𝒃𝒂𝒏𝒅 represents the reflectance of specific bands 
4.2.6. Individual Tree Crown Delineation and Structural Attribute Estimation 
To delineate individual trees, tree rows were first delineated with geographic object-
based image analysis (GEOBIA) using the eCognition Developer software (Trimble, Munich, 
Germany). The initial segmentation was conducted using the multiresolution segmentation 
algorithm (Trimble Germany GmbH., 2018) based on the CHM, NDVI, NIR and red bands 
(Figure 4.5). The NDVI and NIR bands are commonly used to delineate vegetation 
(Johansen et al., 2018, Kamal et al., 2015, Smit et al., 2010). The reason we also selected 
the red band as one of the inputs was that the ground material is mostly red dirt, creating 
contrast between trees and the ground. Initially, parts of the tree crowns were distinguished 
with segments that had CHM values greater than 3 m. Those segments were then grown 
progressively outwards until CHM ≤ 0.3 m and NDVI ≤ 0.1. At this stage, the delineated tree 
crown extent excluded significant within-crown gaps and left them as unclassified segments 
which were enclosed by tree crown segments. For gap fraction analysis purposes, such 
unclassified segments were included as part of the tree crown, if they were surrounded by 
already classified tree crown objects. All the tree segments were eventually merged to 
create the extent shapefile of tree rows (Figure 4.5).  
Once the tree rows had been delineated, the next step was to identify individual tree 
crowns for the 45 selected trees, which had been measured in the field, as well as the 66 
trees that had their condition ranked. Because the trees had been pruned mechanically and 
many of the tree crowns overlapped with the adjacent tree crowns, it was not possible to 
separate them automatically based on height and spectral information. Therefore, we 
visually delineated the 45 individual tree crowns based on visual interpretation of the 
orthomosaics and knowledge of tree location and planting distance. Some of the overlapping 
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crown areas were split in half when the real extents were not visually distinguishable. 
Nevertheless, this method kept the majority of the extent of individual tree crowns, hence 
reducing bias in the comparison with field-derived PPC information. Although the proposed 
GEOBIA method could not further delineate individual neighbouring trees within tree rows, 
it reduced the potential error and processing time caused by manual delineation of tree row 
extent. 
 
Figure 4.5. The workflow of individual tree delineation and attribute extraction. 
The semi-automatically delineated individual tree crown extents were used as the final 
objects to extract individual tree crown parameters. Tree height was estimated by the 
maximum CHM value within each object to correspond to field measurements. Crown width 
and length, which represented the horizontal diameter of the tree crown in the direction along 
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and perpendicular to the hedgerows, respectively, was calculated using the width and length 
of the minimum rectangle that covered each crown extent (Figure 4.6a). Crown length for 
each tree was also manually measured from the orthomosaic for comparison with the 
calculated length using the GEOBIA method. The mean, standard deviation, and Haralick 
texture grey level co-occurrence matrix (GLCM) (Trimble Germany GmbH., 2018, Johansen 
et al., 2018, Kayitakire et al., 2006, Colombo et al., 2003, Haralick et al., 1973, Johansen et 
al., 2007), including homogeneity, dissimilarity, contrast, and standard deviation, were 
extracted for the red edge brightness, NIR brightness, and five vegetation indices (Table 
4.2) and exported for further analysis. These image-derived parameters were then 
compared to field measurements, and their coefficient of determination (R2) of linear 
regressions and RMSE were calculated to assess their correlation and accuracy at the tree 
crown object level. 
  
(a) (b) 
Figure 4.6. The delineated tree extent for the 45 selected trees that had in-situ structural 
measurements and the 66 trees that had on-ground condition evaluation. The rectangles which are 
highlighted in green in (a) represent the minimum rectangle to measure crown width and length, 
representing the horizontal distance in the direction along and perpendicular to the hedgerow, 
respectively. The yellow highlighted trees in (b) include the 22 trees for which tree crown were 
condition ranked and measured structure in field. 
4.2.7. Canopy Condition Ranking 
After finishing the accuracy assessment of the extracted structural attributes, only the 
variables such as the maximum CHM value, average pixel value and texture from spectral 
bands and vegetation indices, which were highly correlated with the field measurements, 
were selected for the condition ranking classification of the 66 field assessed trees (Figure 
4.6b), using a parallel random forest classifier (Genuer et al., 2017) with the aid of an in-
house Python script. For the random forest classification, 80% of the 66 avocado trees were 
selected randomly to train the classifier with the aforementioned selected variables as 
training features and the condition ranking as training labels. Every time the classifier was 
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trained, it randomly picked a number of training features that equalled the square root of 
total number of features to grow the tree. The accuracy of the trained classifier was 
estimated using out-of-bag error that was calculated by the bootstrap aggregating (bagging) 
predictor, which is the method for generating random subsets that have a uniform probability 
of each label and with replacement for prediction (Breiman, 1996, Genuer et al., 2017). The 
classifier was trained repeatedly 300 times with different random subsets to allow nodes to 
grow until the out-of-bag error was stable (Belgiu and Drăguţ, 2016). The trained random 
forest classifier was then used to predict the condition ranking for all 66 trees based on the 
extracted variable sets. The prediction was compared with the in-field condition ranking to 
generate a confusion matrix to assess the model accuracy. The relative importance of the 
features used as decision nodes was calculated by averaging the probabilistic predictions, 
which were estimated by the mean decrease impurity method, to decrease the variance as 
well as bias (Louppe, 2014, Breiman, 1984). 
4.3. Results 
4.3.1. Accuracy of CHM-Derived Tree Height 
 
Figure 4.7. Scatter plot and the linear regression of tree height. Blue dots appearing above and 
below the 1:1 line represent a UAS-based under- and overestimation of the tree height, respectively. 
The maximum value of the UAS-derived CHM was extracted for the individual trees and 
compared against the field-based tree height measurements. The result shows that the CHM 
had a positive correlation with the field-derived tree height and produced a coefficient of 
determination (R2) of 0.65 using a linear model (Figure 4.7). Of the 45 trees measured, the 
average field-derived tree height was 8.7 m (n = 45), while the average CHM-derived tree 
height was 8.4 m. The RMSE of the estimated tree height was 0.5 m. The average tree 
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height was slightly underestimated using the CHM-derived method possibly due to the 
inaccuracies of 3D reconstruction on some branches. 
4.3.2. Accuracy of Image-Derived Crown Width and Length 
 
(a) 
 
(b) 
Figure 4.8. Scatter plot and linear regression of (a) canopy width in the direction along the hedgerow, 
and (b) canopy length in the direction perpendicular to the hedgerow. The outlier in (b) caused by a 
branch of sparse leaves at the lower part of a tree was not taken into account in the linear regression. 
The correlation between the image-derived and field measured canopy width was low, 
because of the overlapping canopies and lack of height variation between them, preventing 
accurate delineation of the edges between neighbouring tree crowns from the CHM and 
spectral imagery. From Figure 4.8a, we can tell that there is no correlation between the 
measured canopy width and image-derived canopy width. Because of this limitation to 
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estimate the canopy width accurately, it is not feasible to use the estimated canopy width as 
an indicator of tree condition.  
The estimation of crown length using a linear model had a R2 value of 0.88 compared 
to the manually measured length using the orthomosaic (Figure 4.6a and Figure 4.8b). 
From Figure 4.8b, we can tell that there was an outlier in the scatter plot, which was caused 
by a branch of sparse leaves that failed reconstructed with SfM. Therefore, it was excluded 
from the statistical analysis. The average of the manually measured canopy length was 8.45 
m (n = 45), while the average of the calculated canopy length based on the semi-automatic 
delineation results was 8.32 m. The calculated canopy length was underestimated for most 
of the trees with an RMSE at 0.2 m, because the leaves at the edge of canopy were usually 
sparse and hence not well-reconstructed with SfM. The tree canopies were pruned 
mechanically so that the edge of canopies in the direction along the hedgerow aligned very 
well. Hence, the canopy length is dictated by the pruning rather than the real condition of 
individual tree crowns. While the pruning effects prevent measured length from being used 
as an indicator of tree condition, tree crown length and gap length between hedgerows can 
still provide useful information for future pruning operations and management purposes. 
4.3.3. PPC Correlation 
Figure 4.9 shows the different R2 values for the PPC regression between and field 
derived PPC values and different spectral indicators, including the brightness of the red edge 
and NIR bands and five vegetation indices and texture bands, with and without colour 
correction. Colour correction improved the observed relationship of image derived structure 
values to ground measurements. Comparing the results derived with and without colour 
correction, the R2 value using the vegetation indices showed higher variation between the 
two radiometric corrections than the red edge and NIR band brightness. The PPC correlation 
among all the indicators was highest when integrating mean, standard deviation (Stdev), 
and the four Haralick texture GLCMs for multi-variate linear regression. The input of Haralick 
texture GLCM improved the R2 value more than the standard deviation, except for the use 
of the NIR brightness. The R2 value using the mean of NIR brightness was 0.38 without 
colour correction but increased to 0.42 with colour correction. With the extra input of 
standard deviation and four Haralick texture GLCMs, the R2 value increased to 0.59 and 
0.61 for the NIR brightness using multi-variate linear regression without and with colour 
correction, respectively. When used to explain the variation in PPC, NDVI had the second 
highest R2 value without colour correction and the highest R2 of 0.62 with colour correction. 
The R2 value using the mean NDVI value without colour correction was 0.31 and improved 
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to 0.54 when both standard deviation and texture information were added. On the other 
hand, an R2 of 0.56 was achieved using only the mean NDVI value with colour correction 
per tree crown, whereas this value was increased to 0.62 when including both standard 
deviation and texture information. 
 
Figure 4.9. The R2 value of the linear correlation between field measured PPC and different spectral 
images, including the brightness of the red edge and NIR bands and five vegetation indices. Each 
colour represents the different combination of input including mean, standard deviation (Stdev), and 
four texture GLCMs (Texture). The bars on the left and right sides of the graph were produced for 
the orthomosaics without and with colour correction, respectively. 
4.3.4. Tree Condition Prediction 
The mean, standard deviation, and four Haralick texture GLCMs of the NIR brightness 
and NDVI, derived from the colour-corrected orthomosaic, were extracted for the 66 trees. 
CHM-derived tree height was also selected as one of the features for predicting tree 
condition. The prediction results from both NIR and NDVI classifiers were identical (Figures 
4.10 and 4.11). The seven-feature classifier had a higher tree condition prediction accuracy 
than the two-feature classifier for both the NIR brightness and NDVI. Both classifiers which 
used seven features had the accuracy of 98.48%, while the result based on two features 
produced an accuracy of 96.97%. In one and two cases for the seven and two-feature 
classifiers, respectively, the trees were mapped as moderate condition, while ranked in the 
field as fair condition. 
The feature importance order was different between the NIR and NDVI classifiers 
(Tables 4.3 and 4.4). The variables enabling the greatest discrimination for both classifiers 
were the mean value, texture GLCM standard deviation, and the CHM-derived tree height, 
with their combination providing more than 50% probability of prediction. While the mean 
value was the top one feature for both the NIR and NDVI classifiers, the NDVI classifier 
relied on the mean value slightly more than the NIR classifier for predicting tree condition, 
which was 22.30% compared to 19.76%. The second and third most important features for 
the NIR classifier were the CHM-derived tree height (18.39%) and GLCM standard deviation 
Chapter 4: Measuring Canopy Structure and Condition in a Horticultural Environment 
76 
 
(14.62%), respectively, while the order for the NDVI classifier was the opposite, with the 
GLCM standard deviation and CHM-derived tree height explaining 17.31% and 15.71% 
probability, respectively. In other words, the NIR classifier relied less on the spectral and 
textural information compared to the NDVI classifier, which may be because the NIR 
brightness contains shadow-induced noise, which means that its derivatives may not 
properly reflect the actual canopy condition. 
 
(a) 
 
(b) 
Figure 4.10. The confusion matrix and out-of-bag accuracy of the random forest classification for the 
tree condition prediction based on the CHM-derived tree height and (a) NIR-related features, 
including the mean, standard deviation, and four Haralick texture GLCMs; and (b) predicted PPC 
using all the six NIR-related features. The condition ranking from one to four represents condition 
from excellent to fair. 
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Table 4.3. The feature importance of each classifier using CHM-derived tree height and NIR-
brightness-related features. 
Classifier Feature Feature Importance 
7-features classifier 
(Figure 4.10a) 
Mean NIR 19.76% 
CHM-derived tree height 18.39% 
GLCM Standard deviation 14.62% 
GLCM contrast 12.77% 
GLCM dissimilarity 12.06% 
Standard deviation 11.59% 
GLCM homogeneity 10.81% 
2-features classifier 
(Figure 4.10b) 
CHM-derived tree height 51.16% 
NIR-derived PPC 48.84% 
 
 
(a) 
 
(b) 
Figure 4.11. The confusion matrix and out-of-bag accuracy of the random forest classification for the 
tree condition prediction based on the CHM-derived tree height and (a) NDVI-related features, 
including the mean, standard deviation, and four Haralick texture GLCMs; and (b) predicted PPC 
using all the six NDVI-related features. The condition ranking from one to four represents condition 
from excellent to fair. 
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Table 4.4. The feature importance of each classifier using CHM-derived tree height and NDVI-related 
features. 
Classifier Feature Feature Importance 
7-features classifier 
(Figure 4.11a) 
Mean NDVI 22.30% 
GLCM standard deviation 17.31% 
CHM-derived tree height 15.71% 
Standard deviation 12.96% 
GLCM homogeneity 10.81% 
GLCM contrast 10.75% 
GLCM dissimilarity 10.16% 
2-features classifier 
(Figure 4.11b) 
CHM-derived tree height 51.44% 
NDVI-derived PPC 48.56% 
 
4.4. Discussion 
The average tree height was underestimated with the CHM-derived method. A similar 
phenomenon was also observed in previous studies of lychee and olive trees (Torres-
Sánchez et al., 2015, Johansen et al., 2018), and may be attributed to inaccuracies in the 
3D reconstruction of some branches that full of leaves in the SfM-generated point cloud 
(Dandois et al., 2017). The R2 value was 0.65, which was very similar to previous studies 
conducted at similar flying altitude for lychee trees (Johansen et al., 2018) and similar 
ground sample distance (GSD) on hedgerow olive trees (Díaz-Varela et al., 2015). Although 
the R2 value showed a moderate correlation between the CHM-derived tree height and 
ground-measured tree height, it was significantly lower compared to the correlation between 
the estimated and measured tree height for olive trees in previous studies (Torres-Sánchez 
et al., 2015, Zarco-Tejada et al., 2014). One reason could be differences in the configuration 
of UAS flight settings. In the study of Zarco-Tejada et al. (2014) on olive trees, the images 
were acquired using a grid flying pattern, which increased the parallax variation and the 
accuracy of the SfM 3D reconstruction. The second reason is the difference of canopy 
structure complexity. The canopy of a single avocado tree is usually formed by about 5 small 
branches that derivate from the main stem and alternatively become the major stem 
(Schaffer et al., 2013a). The more complex canopy structure of avocado trees compared to 
olive trees may have reduced the accuracy of the generated CHM. Nevertheless, the RMSE 
was 0.5 m and the relative RMSE in this study was around 6%, which was almost identical 
or even better than the relative error observed in other studies of olive trees. Previous 
studies suggested that higher image spatial resolution could lead to higher R2 of tree height 
estimation (Torres-Sánchez et al., 2015, Johansen et al., 2018, Zarco-Tejada et al., 2014). 
Besides, studies also argued that lower flight altitude may improve the R2 even if the spatial 
resolutions were almost identical (Díaz-Varela et al., 2015, Torres-Sánchez et al., 2015). 
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This phenomenon may because higher parallax variation increased the visibility of tie points 
when acquiring images at a lower altitude (Johansen et al., 2018, Lillesand et al., 2015). 
However, other studies have also suggested to acquire UAS data at approximate 80 m AGL 
to prevent serious bidirectional reflectance distribution function (BRDF) effect and achieve 
a balance between data acquisition efficiency and quality for measuring trees (Dandois et 
al., 2015, Tu et al., 2018).  
The highest R2 value of the PPC regression occurred when combining the mean, 
standard deviation and Haralick texture GLCMs, including homogeneity, standard deviation, 
dissimilarity, and contrast. It is known that the reflectance of visible light is influenced 
significantly by the concentration of photosynthetic pigments, while the reflectance of NIR is 
sensitive to the leaf and canopy structure of vegetation (Lillesand et al., 2015, Jensen, 2016, 
Heege, 2013). Unlike a previous study of lychee trees, where the use of mean NIR 
brightness explained 80% of the variability of PPC (Johansen et al., 2018), the achieved R2 
based on mean NIR brightness was only 0.38 and 0.42 without and with colour correction, 
respectively. We suspected that the more complex canopy structure of avocado tree crops 
contributed to the lower R2 value. Based on the ‘rhythmic’ canopy expansion pattern of 
lychee trees compared to the higher trunk-branch differentiation of avocado trees 
(Robbertse et al., 1995, Hallé et al., 1978), it is likely that the different types of canopy 
geometric characteristic had different influences on the spectral reflectance that observed 
by the sensor. Studies on the radiometric correction for multi-spectral UAS imagery show 
that complex canopy structure produce more diffuse radiant flux within the canopy (Tu et al., 
2018, Honkavaara and Khoramshahi, 2018). Therefore, we suspect that the observed 
reflectance of avocado trees was less representative of the actual reflected radiant energy 
due to the aforementioned reason, causing the lower correlation between the observed 
reflectance and PPC. Figure 4.9 shows that a smaller improvement in correlation was 
achieved for NIR brightness than that of NDVI by just adding texture GLCMs. The shadow-
induced noise in NIR brightness may be due to less accurate PPC prediction using only NIR 
mean and texture information (Figure 4.9). Comparing NIR and NDVI to the other indicators, 
the remaining indicators had fewer issues with saturation due to high canopy density and 
were more sensitive to pigment concentration variation (Heege, 2013, Xie et al., 2018, 
Candiago et al., 2015, Gitelson and Merzlyak, 1994). Surprisingly, the saturation drawback 
of NIR and NDVI turned out to be the advantage for better PPC estimation for avocado trees.  
The radiometric correction of the multi-spectral UAS imagery played an important role 
in the PPC estimation. As mentioned in Figure 4.4, brightness variation in the green and 
red edge bands was observed because of the dynamic photographic parameter settings of 
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the camera. Therefore, the estimated reflectance would have been less accurate if such 
variation had not been addressed, which would have affected the calculated vegetation 
indices. The R2 values of the PPC regression with vegetation indices were all higher after 
reducing the brightness variation with colour balancing (Figure 4.9). However, to 
radiometrically correct the image brightness to accurate reflectance, previous result showed 
that effective BRDF correction, accurate sensor-information-based calibration, and 
simultaneous irradiance measurement are all potential procedures that can be considered 
(Tu et al., 2018, Honkavaara and Khoramshahi, 2018). Based on our study, we suggest that 
if the image is radiometrically corrected, the multi-variate linear regression of mean, 
standard deviation, and four Haralick texture GLCMs of NDVI could be a strong indicator of 
PPC over NIR brightness, as it provided the highest correlation with field-derived PPC. 
Nevertheless, radiometric correction of UAS imagery has proven to be a sophisticated 
process and sometimes difficult for delivering accurate results (Tu et al., 2018, Honkavaara 
and Khoramshahi, 2018, Näsi et al., 2018).  
The proposed GEOBIA workflow showed its limitation to accurately delineate individual 
tree crown extents for avocado hedgerows. Although a previous study suggested that there 
was a strong correlation between measured and image-derived canopy diameter for 
hedgerow olive trees (Díaz-Varela et al., 2015) and mango trees (Rahman et al., 2018), the 
semi-automatically delineated canopy width in the direction along the hedgerow did not 
match the ground measurement in our study area, because of adjacent overlapping tree 
crowns with limited height variation between the tree apex and crown perimeter caused by 
mechanical pruning. Such delineation limitation occurs very often when applying remote 
sensing data in a hedgerow avocado orchard (Robson et al., 2016). Therefore, it is 
necessary to make some assumptions such as a fixed distance between two adjacent trees 
to delineate individual tree crowns from a UAS orthomosaic. The semi-automatically 
delineated canopy length in the direction perpendicular to the hedgerow proved to be 
accurate. However, the canopy length is mainly controlled by pruning practices, and 
therefore, not suitable for tree condition assessment. Nevertheless, our study also showed 
that as long as the delineated tree crown extent contains the majority of the realistic tree 
crown extent, tree height can still be predicted and attributes, which include mean value, 
standard deviation, and texture GLCMs that are highly correlated to PPC, can be extracted 
for predicting tree condition. Alternatively, having an accurate GPS layer of individual tree 
centroids can assist with the delineation of individual trees. Most tree planting undertaken in 
recent times occur with GPS guidance and as such, these layers are readily available 
(Rahman et al., 2018, Robson et al., 2017b). 
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Our results showed that the estimated tree height and canopy spectral and textural 
attributes could be used as explanatory variables to predict the condition of avocado trees. 
Both the NIR and NDVI classifiers with seven feature inputs yielded accurate results for 
predicting avocado tree condition. The accuracy of both the NIR and NDVI classifiers were 
identical, though the NIR classifier had less variability using spectral and texture information 
for predicting tree condition. Considered the difficulty of applying accurate radiometric 
correction on multi-spectral UAS imagery, this characteristic may turn out to become a 
benefit as the variation of correlation between the NIR brightness derivatives and PPC is 
less influenced by the radiometric correction (see Figure 4.9). The seven-feature NIR 
classifier is recommended at this stage. It is noted that our data were acquired in the pre-
pruning period, when tree structure was less influenced by previous limb removal. The tree 
height is usually controlled for management purposes. Therefore, the importance of tree 
height for condition ranking in different growing stages may be different. The ranking result 
in fair-conditioned trees had two trees ranked as fair, where were incorrectly classified as 
moderate. In the study of Salgadoe et al. (2018) on root rot disease severity ranking for 
avocado trees, the results showed that the lower ranked trees had less differences in PPC 
and VI values. Hence, smaller PPC and spectral variation between different condition 
categories may cause mis-classification for lower ranked trees. Such mis-classification may 
cause farmers to miss the opportunity to apply appropriate treatments on a tree with fair 
condition, which might result in further tree condition degradation. It is therefore imperative 
that farmers are well informed about how UAS-based tree condition mapping approaches 
work and what their limitations might be to ensure appropriate interpretation and evaluation 
of results. 
4.5. Conclusions 
The study identified the accuracy of UAS-based mapping of avocado tree height and 
GEOBIA-derived canopy dimensions, as well as the correlation between PPC and both 
spectral and textural attributes. The CHM-derived tree height and the spectral and textural 
attributes were used to rank the tree condition using a seven-feature NIR random forest 
classifier and achieved a 98.48% accuracy. Such techniques could potentially provide 
essential information for the horticulture industry to achieve plant-scale precision agricultural 
orchard management. Radiometric correction of UAS imagery is essential as a prerequisite 
for accurate PPC estimation using NDVI or any other spectral information. Future research 
should focus on testing condition ranking methods over larger areas to scale up to the 
orchard level. It would also be important to include more sampled trees with all four condition 
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categories to train the classifier to more accurately meet the avocado industry’s tree 
condition ranking standards in Australia. Furthermore, such condition ranking technique 
needs to be tested in different phenological stages to assess the robust features for 
condition ranking and its all-season performance. Eventually, the condition ranking method 
might be tested and adapted to different horticultural tree crops. By understanding the plant-
scale tree condition, the farmers could potentially estimate the general tree crop productivity 
to develop better management strategies by applying appropriate agricultural treatments 
accordingly. Such condition ranking strategy could play a role to bridge the gap between the 
remote sensing expertise and farmers’ knowledge of their tree crops. 
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Chapter 5: Conclusions, Significance and Future 
Research 
 
 
 
This chapter summarises the findings of the thesis in the context of the aim and objectives, 
as well as their contributions to knowledge gaps. Future research directions are suggested 
due to the limitations encountered during the research and the project’s time constraints. 
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5.1. Overview 
Considering drone imagery and their derived products are increasingly being used by many 
agricultural and horticultural industries to guide management decisions, the significant lack 
of understanding of the fundamentals of drone photogrammetry, is concerning (Singh and 
Frazier, 2018). This thesis addressed some of these fundamental issues from flight planning, 
image processing, to extracting information from image products to create deliverables that 
match the industry standard specifications for horticultural applications in Australia. This 
thesis started with assessing the influences of flight plan variables on the data quality of the 
products from each image processing step, i.e., photo alignment, photogrammetric point 
cloud densification, and the estimation accuracies of tree height and plant projective cover 
(PPC). Optimal flight planning protocols for different scenarios were proposed for avocado 
tree structure measurements. The different radiometric correction approaches were 
assessed afterward, as this is critical for calculating at-surface reflectance data for 
vegetation mapping (Jensen, 2016). Once appropriately corrected, the analysis-ready 
image products can be used to extract canopy structural and spectral properties related to 
tree structure and condition. The main findings of each objective are addressed briefly in 
section 5.2. Detailed discussions and the suggestions of future research directions are 
addressed in the following sections. 
5.2. Main Findings and Outcomes 
Objective 1: To determine the optimal data collection protocols for acquiring multi-spectral 
drone imagery over horticulture tree crops (Chapter 2).  
This study identified five main recommendations when acquiring drone imagery over 
horticulture tree crops for a drone system similar to ours. These include: (1) flying direction 
along the hedgerow; (2) using a smaller image pitch angle; (3) the effect of flying speed is 
uncertain, but it should be considered incorporated with the image I/O limit for sufficient 
image forward overlap; (4) ensuring a high solar elevation at the time of image capture; and 
(5) set image forward overlap as high as possible (>80%).  
When acquiring images with a camera that provides only a fixed time interval for image 
capture, it is recommended that the optimal flight height be set at about 50 m or an altitude 
that can satisfy a minimum 80% of forward overlap to achieve accurate tree height and plant 
projective cover estimation using the proposed NIR method. If the camera allows the user 
to acquire images in a fixed forward overlap, then theoretically, the lower the altitude is, the 
more accurate the tree height and plant projective cover will be. However, the flight will 
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become less efficient in terms of ground area covered per flight, as the lower the flight 
altitude is, the smaller the imaged area per photo is. Therefore, an altitude of 50 m is 
recommended, to ensure coverage of a minimum total area (1 Ha) and allowing sufficient 
side-lap and forward overlap of images. If the image pixel resolution is identical in all altitude 
settings from 25 m to 100 m, the flight altitude is suggested to be set at 75 m to achieve 
compromised results of satisfactory point cloud density and accuracies of tree height and 
NIR-derived plant projective cover estimation. The image side-lap is suggested to be set 
between 70% and 80% in all cases to achieve a compromised balance between the 
extracted point cloud density, the accuracy of tree height estimation, and the accuracy of 
plant projective cover estimation. It is also suggested that the optimal altitude should be 
decided based on the requirement of pixel GSD, as it is highly dependent on the camera 
specifications.  
The new contribution include the findings of suggested flying pattern, the effect of pitch 
angle, the effect of flying speed, and the effect of altitude. The most significant contribution 
in this study is the finding regarding to the effect of flight altitude. Unlike the other studies 
which only consider the flight altitude as a function of GSD, we consider three possible 
effects of changing flight altitude, including the change of GSD, imaged area, and forward 
overlap. After considering GSD as an independent variable, we concluded that flying in high 
altitude can provide more accurate results in some scenario. Previous studies suggested 
the dense point cloud can reduce the error caused by high viewing angle (> 20°) in tree 
height estimation, as they treated the forward overlap as a function of viewing angle. Our 
study separated the effect of pitch angle from forward overlap and found that it still has weak 
but significant influence on the accuracy of tree canopy structural measurement. The study 
done by Roth et al. (2018) consider the flying speed as a function of motion blur, which 
increase error for the imagery product. In our study, such error in the tree structure 
measurement was not significant. It is probably because either the motion blur was not 
serious for global shutter cameras, or the error caused by motion blur was minimised during 
post-processing.  
Objective 2: To determine the optimal correction methods for multi-spectral drone image 
data for acquiring imagery over horticultural tree crops (Chapter 3). 
 The initial finding of this objective was that no optimal radiometric correction is currently 
available on the market. Nevertheless, this research identified some radiometric 
characteristics of multi-spectral drone imagery that can potentially improve the radiometric 
quality of the data. The bidirectional reflectance distribution function (BRDF) was identified 
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to be an issue. Sensor-information-based calibration has the potential to provide the most 
accurate at-surface reflectance altogether with simultaneous irradiance measurements. This 
method relies on calibration coefficients being provided by the camera manufacturers. 
Alternatively, a simplified empirical correction with the aid of colour balancing can still 
provide acceptable results. However, this method requires the deployment of radiometric 
calibration panels in locations that are void of large structures such as trees that may 
contribute diffusive radiance that can influence the observed albedo of the panels. Chapter 
4 further identifies the importance of radiometric correction when estimating plant projective 
cover from multi-spectral drone imagery, as the plant projective cover is calculated using 
extracted spectral-textural information of tree canopy. 
The new contributions of this study are to identify the radiometric characteristics of multi-
spectral drone imagery and the potential best practices of radiometric correction on tree 
canopy structural measurement. The most significant finding is the influence of the tree 
canopy structural complexity on the observed radiometric accuracy. Therefore, considering 
the solar-surface-viewing geometry could potentially resolve such issue. 
Objective 3: To determine the accuracies of measuring and mapping canopy structural 
properties and condition of a horticultural tree crop using multi-spectral drone imagery 
(Chapter 4). 
Results from this study identified that tree height and plant projective cover of an 
individual avocado tree can be accurately measured with multi-spectral drone imagery. Even 
for avocado tree with complex canopy structure, e.g. higher trunk-branch differentiation, the 
plant projective cover can be regressed using the combination of mean DN, standard 
deviation, the GLCMs of standard deviation, homogeneity, dissimilarity, and contrast of the 
NIR band. In chapter 2, we also discovered that the NIR spectral-textural information is 
preferred for estimating plant projective cover. This conclusion is based on the simulation of 
optimal flight plan that the NIR method provided the same trend of accuracy improvement 
simultaneously to the improvement of other quality indicators. The tree height, mean NIR 
DN, NIR standard deviation, and the standard deviation, homogeneity, dissimilarity, and 
contrast GLCMs of NIR band can be imported to a random forest classifier to rank the tree 
condition into a modified Ciba-Geigy scale from 1 to 4, representing excellent condition to 
fair condition, with a 98% accuracy.  
The new contribution of this study is to develop a method that convert the remotely 
sensed data to a condition ranking scale which is used by the horticultural industry. Such 
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techniques could potentially provide essential information for the horticulture industry to 
achieve plant-scale precision agricultural orchard management. 
5.3. Recommendations of Measuring Tree Crops Using Multi-spectral Drone Imagery 
There are many cases that a normal user asks for product specifications that are much 
higher than is needed, which result in unnecessary extra cost and redundant operation 
resources to provide such data (Li, 2019). Since the era of satellite and airborne remote 
sensing, scientists already have a concept of minimum mapping unit (MMU), which means 
the minimum requirement of pixel GSD for specific applications (Heege, 2013, Mulla, 2013). 
For instance, utilising fertiliser needs a spatial resolution at only 5-10 m; biomass or yield 
estimation need a spatial resolution at 1-3 m; and weed control requires 0.5-1 m (Mulla, 
2013). When scientists start to gain the ability to acquire very-high spatial resolution imagery 
using a drone, more plant-scale agricultural applications have been developed. Imagery with 
0.3 GSD allows accurate individual tree height measurement; imagery with 0.1 m GSD 
allows the users to estimate general crop characteristics such as nitrogen content and leaf 
area index; imagery with 0.02 m GSD for plant-scale biomass and yield estimation; imagery 
with 0.01 m GSD allows discrimination of soil and crops within the canopy extent; and 
imagery with 0.001 m GSD allows estimating seed emergence (Roth et al., 2018, Zarco-
Tejada et al., 2014). Although more and more MMU requirements may be discovered in the 
future due to the advance of sensor technology and processing algorithms, users should 
follow such principle to acquire imagery based on the existing knowledge of MMU 
requirements and thus plan the drone mission accordingly to optimise the cost-
effectiveness.  
As the finding of our objective one, flying higher possibly results in higher accuracy in 
tree height estimation if the pixel GSD and image overlap are identical at all possible altitude 
between 25 m to 100 m (section 2.3.2.3). Therefore, the recommended flight altitude 
selection strategy is to incorporate the flight altitude and sensor specification to satisfy the 
MMU requirement, which is also suggested before but was neglected in most of the drone 
studies (Mulla, 2013, Singh and Frazier, 2018, Roth et al., 2018). Accuracy requirement is 
also another factor of the flight planning strategy, which may need to be considered. The 
assessment procedure we proposed in chapter 1 can help the users to estimate the relative 
error resulted from the flight plan settings. Previous studies suggested approximately 10% 
relative RMSE is considered an accurate result for tree height estimation, considering the 
relatively low build cost for the multi-spectral drone systems (Zarco-Tejada et al., 2014, 
Torres-Sánchez et al., 2015). Besides, before starting to establish a flight plan, the end-
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users should identify what output data they need so that the flight planning procedure can 
be adjusted based on the requirement. In our case, the tree condition ranking is the final 
product required by the avocado industry. Therefore, in order to identify what variables we 
need for such a ranking strategy, we identify the tree height and spectral-textural information 
of the avocado tree canopy are the key factors for condition classification. Based on such 
findings, the importance of appropriate radiometric correction was emphasised as it provides 
consistent and normalised spectral information for condition classification. In some cases 
such as land use classification or tree crown dimension estimation, the procedure such as 
radiometric correction may not be necessary (Chianucci et al., 2016, Comba et al., 2015, 
Jensen, 2016). Such philosophy of workflow evaluation is also applicable to the strategy of 
measuring other types of vegetation, including herbaceous crops and forest. 
The proposed optimal workflow is designed for the camera specification, which is similar 
to Parrot Sequoia®, so that the suggestions such as flight altitude and image side-lap may 
not be applied directly to other sensors. Nevertheless, the procedure of optimisation 
evaluation proposed in this thesis should be still applicable to other workflows that work with 
other cameras. The workflow for measuring tree crops may also vary depending on the 
specification of cameras, though. As the pixel GSD in our datasets ranged between 0.02 to 
0.1 m, the best way to estimate the plant-scale PPC with such GSD specifications was to 
use spectral-textural information for regression. However, the ability to estimate PPC directly 
from the output imagery for tree crops may be developed with even finer spatial resolution 
imagery. In that case, the PPC estimation can be determined solely based on the spatial 
information extracted from the imagery product so that the radiometric correction may 
become unnecessary if tree crops structure or condition are the only attributes required by 
the users. Nevertheless, for the purposes of estimation of the capacity of photosynthesis 
and transpiration and even species classification, radiometrically corrected imagery is still 
necessary (Sellers, 1987, Saari et al., 2011). This is the rationale that using multi-spectral 
drone imagery was proposed in the workflow as a one-go solution, as it doesn’t eliminate 
the potentials to fully take advantage of the spectral information and saves the trouble for 
repeated data acquisition using different types of sensors. 
5.4. Limitation and Future Research Directions 
The availability of ground truth is the most significant limitation in this study. This 
limitation may cause uncertainty in two perspectives: geometric and radiometric. Due to the 
restriction of equipment, all of the ten AeroPoints® were deployed as ground control points 
to satisfy the recommended GCP number suggested by D. Gómez-Candón et al. (2014) so 
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that no spared AeroPoints® can be used as checkpoints to validate the geometric accuracy 
of the image products. Besides, during the 5-day drone campaign in our experiment, the 
GCPs needed to be relocated for other missions so that the GCP locations between each 
day were not precisely the same, which may cause error accumulation (James et al., 2017). 
Nevertheless, we deployed the GCP based on absolute tree row numbers and tree counts 
so that the GCPs locations of each day were similar and thus minimised the possible errors 
(Figure 5.1). Moreover, the study site was within the GCP network extent, which also 
avoided the possible extrapolation errors (James et al., 2017, Graham et al., 2019). The 
image products after pre-processing showed that the hedgerow aligned altogether visually 
between different datasets except dataset number 19. The high geometric error occurred in 
dataset number 19 (Table 2.1) was caused by insufficient image overlap by design to test 
the effect of such variables. Otherwise, no significant horizontal geometric errors were 
observed in our experiment. 
 
Figure 5.1. GCP pattern for our study site. The bigger rectangle is for the 1 Ha area while the smaller 
rectangle is for the central 0.25 Ha area. White circles are the approximate GCP locations. 
The source of ground truth data also affected the result of geometric accuracy 
assessment. Initially, we used laser rangefinder measurement as ground truth but turned 
out the correlation between drone-derived tree height and laser rangefinder measurement 
was only moderate (see chapter 4). After we obtained the TLS data as the ground truth to 
validate the drone-derived CHM (see chapter 2), the correlation increased from 0.65 to 0.85, 
and relative RMSE dropped from 5% to less than 2%. There are many studies demonstrate 
how LiDAR data can be a source of reliable ground truth if well-processed (Wu et al., 2019, 
Zarco-Tejada et al., 2014, Dandois et al., 2017). Therefore, we suggest acquiring LiDAR 
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data for validation whenever they are available to minimise the geometric uncertainty. The 
camera optimisation model selected in the processing software package (i.e. Agisoft 
MetaShape Pro) has been proved to affect the geometric accuracy of self-calibrating bundle 
adjustment (James et al., 2017). Nevertheless, we used the same default model for all 
datasets, and the error caused by the camera model optimisation applies to both DSM and 
DTM systematically. Therefore, such error was minimised after CHM was obtained. The 
relative RMSE of drone-derived tree height was less than 2% compared to the TLS tree 
height data, which showed the high accuracy of the drone-derived CHM. This CHM 
comparison also showed that no significant vertical errors were observed.  
The lack of ground truth of reflectance measurement is another significant limitation that 
restricted us to validate the absolute accuracy of the radiometric characteristics of the data. 
The reason for not obtaining the spectrometer measurement for tree crown is the lack of 
suitable equipment which allows us to acquire the data from above 10-metre-height canopy. 
Thus, comparing the reflectance between datasets to assess the consistency became the 
one option to test the performance of radiometric correction approaches in chapter 3. 
However, since PPC was estimated using spectral-textural information, the accuracy 
assessment of PPC became less relevant, and the overall correlation was lower than tree 
height estimation (see chapter 4). It also increased the uncertainty of whether the variation 
of PPC estimation was caused by radiometric correction approaches or the change of flight 
variables (see chapter 2). The results should be improved if the spectrometer measurements 
were acquired and correlate with the DCP PPC measurements, and then compare to the 
drone-derived canopy reflectance to spectrometer measurement for higher correlation. 
Fortunately, the drone spectrometer becomes a viable solution to obtain hyperspectral data 
these days (Bendig et al., 2018, Aasen et al., 2018). Future study should assess the 
accuracy of the radiometric characteristics of the multi-spectral drone image products to 
reduce the possible uncertainty. 
The version difference of pre-processing software package is another source of potential 
uncertainty. At the beginning of this study, the version of Agisoft MetaShape (was still called 
PhotoScan at the time) Pro was 1.2.7. When the time when the last dataset was processed, 
the software evolved to version 1.4.5. New features and some bug fixes were included 
during the upgrade. For instance, when the software upgraded to version 1.3, the users 
gained the ability to correct the vignetting effect, and version 1.4 further added the colour-
balancing function. However, whether there were also changes in the critical algorithms 
(such as pixel projection or mosaic blending) was uncertain. Nevertheless, we read the 
changelog and consulted with their staffs on the official forum to understand if there was any 
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critical algorithm change (Pasumansky, 2018, Pasumansky, 2017). The processed image 
products from different versions were also compared, and no significant differences were 
found because of the version difference. Therefore, we assume the uncertainty caused by 
the processing software versions is neglected in our case. Furthermore, we even 
reprocessed all the pre-processed datasets for the use of objective 1 to make sure there is 
no errors caused by the potential change of algorithm due to version difference. Thus, the 
results were free from version effect in some degree. 
Another potential source of uncertainty is the characteristics of spectral imagers. These 
may include a high chance of overexposure (González-Piqueras et al., 2018), poor energy-
to-signal conversion (Cao et al., 2019), and poor band-to-band registration (Jhan et al., 
2016). Fortunately, these issues can be resolved by appropriate sensors calibration and 
adapt the operation based on the sensor characteristics (Jhan et al., 2016, Del Pozo et al., 
2014). For instance, Parrot Sequoia® has a sensitivity limitation at approximately 40% 
albedo at green and red bands. Therefore, bright targets should be avoided in the scene of 
study site to prevent overexposure and significant brightness variation (Del Pozo et al., 
2014, González-Piqueras et al., 2018). Once the sensor-wise calibration or adaption is done, 
the workflow proposed in this thesis should be applicable for a wide range of spectral 2D 
imagers regardless of which sensor is used. 
The sensor-wise calibration can be done before the pre-processing workflow described 
in the thesis (e.g. method 4 in chapter 3) to ensure the radiometric quality for single-frame 
images. However, to solve the BRDF for surface materials, multiple observations are 
needed. From the experiment in chapter 3, we assume that accurate BRDFs can be 
calculated by solving the solar-surface-viewing geometry. The potential limitation is the 
accuracy uncertainty of the DSM produced from the SfM photogrammetric point cloud. 
Patrick and Li (2017) demonstrated that an SfM photogrammetric point cloud could be 
accurate enough to represent the geometries of blueberry bushes. The study conducted the 
drone campaign at a very low altitude (3 m) with the aid of oblique photography at the same 
time so that it may be not applicable for normal drone mission in a horticultural hedgerow 
environment. Besides, the inaccurate object prediction to classify pixels’ BRDF is also a 
reason cause inaccurate BRDF correction. This may be resolved using modern object 
detection technologies (Cheng and Han, 2016). Only if the pixels can be accurately 
classified into specific objects, accurate BRDF can then be established for more accurate 
radiometric correction. 
The findings in this work show that canopy geometric complexity causes variations in 
the accuracy of tree structure measured with effectively controlling flight planning variables. 
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Different plant phenology may influence the observation results from remotely sensed data, 
which may also affect the applicability of the model developed for other phenological stages 
of the same tree crops (Asam et al., 2018, de Castro et al., 2018). Because of the same 
reason, the canopy geometric characteristics differences between tree crop species will 
cause a similar issue to the influence of plant phenology. As we discovered in chapter 3, the 
difference between the canopy complexity of avocado trees and banana plants caused a 
significant difference in the performance of radiometric corrections, as would be expected. 
Therefore, the proposed optimal flight planning evaluation and attribute extraction methods 
should also be tested on different tree crop phenological stages and different species to 
examine the robustness of the proposed workflow. 
Finally, another limitation in our experiments was the sample size and area. The tree 
condition diversity in our sample area is low; only eight out of 66 trees were rated as 1-
excellent, and 5 out of 66 trees were rated as 4-fair (see chapter 4). Johansen et al. (2017) 
used a similar strategy to rank 330 macadamia trees’ condition to a five-category scale and 
only get out-of-bag accuracy at around 65%. Compared to other studies, the 98% out-of-
bag accuracy seems unrealistic, and may not be reproducible if the sample size and 
condition diversity increase. For the further validation of this application, it is essential that 
the sample size be significantly increased to include more replicates, multiple varieties of 
trees, growing locations and seasons. Tree condition is influenced by many abiotic and biotic 
factors, and as such, some inclusion of these is necessary when confirming the accuracies 
of this technology. 
5.5. Conclusion 
Drone image data and commercial off the shelf processing approaches and products for 
horticultural applications are increasing rapidly. These products often fail to meet the 
requirements for effective use in horticultural industries, in terms of providing accurate and 
consistent measures of relevant tree/plant and crop properties. This thesis fills the 
knowledge gaps by studying the basic influences of acquisition and processing protocols on 
the accuracy of final products. The proposed techniques for data analysis workflow in this 
thesis can also be applied to understand the influences of the various remotely sensed data 
characteristics on the accuracy of final image products for specific applications. The findings 
provided in this thesis offer a ‘best practice’ protocol for the data pre-processing, acquisition, 
and evaluation of multi-spectral drone imagery over one type of horticultural tree crop. A 
suggested progression of this knowledge is to partially or completely automate the pre-
processing procedures so that future imagery is presented in a standardised and analysis-
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ready format. Such knowledge should allow the horticulture industries to establish the 
standard specifications for required products. 
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Appendices 
Appendix A. Box-and-Whisker Comparison Results of Avocado Datasets 
Table A1. Reflectance consistency percentages of tree canopies between different flight patterns in dataset 1. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
Empirical correction 
Green 41.2% 11.8% 0% 
Red 0% 0% 0% 
Red edge 58.8% 76.5% 76.5% 
NIR 82.4% 94.1% 70.6% 
Colour balancing + Empirical correction 
Green 58.8% 94.1% 88.2% 
Red 23.5% 88.2% 41.2% 
Red edge 29.4% 88.2% 70.6% 
NIR 47.1% 76.5% 82.4% 
Irradiance normalisation + Empirical correction 
Green 0% 47.1% 0% 
Red 0% 0% 0% 
Red edge 76.5% 70.6% 82.4% 
NIR 82.4% 94.1% 88.2% 
Sensor-information-based calibration 
Green 47.1% 100% 82.4% 
Red 0% 52.9% 0% 
Red edge 47.1% 0% 0% 
NIR 0% 88.2% 0% 
Table A2. Reflectance consistency percentages of tree canopies between different flight patterns in dataset 2. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
Empirical correction 
Green 0% 58.8% 0% 
Red 0% 11.8% 0% 
Red edge 64.7% 47.1% 88.2% 
NIR 64.7% 70.6% 76.5% 
Colour balancing + Empirical correction 
Green 11.8% 0% 0% 
Red 17.6% 0% 0% 
Red edge 47.1% 17.6% 52.9% 
NIR 11.8% 82.4% 11.8% 
Irradiance normalisation + Empirical correction 
Green 47.1% 58.8% 76.5% 
Red 23.5% 5.9% 5.9% 
Red edge 47.1% 70.6% 94.1% 
NIR 52.3% 82.4% 23.5% 
Sensor-information-based calibration 
Green 0% 0% 0% 
Red 0% 23.5% 0% 
Red edge 0% 100% 0% 
NIR 0% 88.2% 0% 
Table A3. Reflectance consistency percentages of tree canopies between different flight patterns in dataset 3. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
Empirical correction 
Green 0% 5.9% 0% 
Red 0% 58.8% 0% 
Red edge 5.9% 35.3% 5.9% 
NIR 5.9% 82.4% 0% 
Colour balancing + Empirical correction 
Green 0% 52.9% 0% 
Red 0% 17.6% 0% 
Red edge 23.5% 29.4% 17.6% 
NIR 0% 76.5% 0% 
Irradiance normalisation + Empirical correction 
Green 0% 0% 0% 
Red 0% 52.9% 0% 
Red edge 29.4% 52.9% 70.6% 
NIR 0% 88.2% 0% 
Sensor-information-based calibration 
Green 0% 5.9% 0% 
Red 0% 0% 0% 
Red edge 0% 88.2% 0% 
NIR 0% 64.7% 0% 
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Table A4. Reflectance consistency percentages of ground areas between different flight patterns in dataset 1. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
Empirical correction 
Green 33.3% 0% 0% 
Red 0% 0% 0% 
Red edge 33.3% 60% 40% 
NIR 40% 66.6% 60% 
Colour balancing + Empirical correction 
Green 0% 0% 6.7% 
Red 13.3% 13.3% 20% 
Red edge 20% 40% 33.3% 
NIR 40% 73.3% 46.7% 
Irradiance normalisation + Empirical correction 
Green 33.3% 20% 0% 
Red 0% 6.7% 0% 
Red edge 26.7% 40% 26.7% 
NIR 13.3% 53.3% 33.3% 
Sensor-information-based calibration 
Green 40% 73.3% 20% 
Red 0% 53.3% 0% 
Red edge 6.7% 0% 0% 
NIR 13.3% 60% 6.7% 
Table A5. Reflectance consistency percentages of ground areas between different flight patterns in dataset 2. 
Correction Method Band Along vs. Cross Along vs Grid Cross vs. Grid 
Empirical correction 
Green 26.7% 6.7% 26.7% 
Red 6.7% 6.7% 6.7% 
Red edge 66.7% 26.7% 40% 
NIR 13.3% 6.7% 60% 
Colour balancing + Empirical correction 
Green 0% 0% 0% 
Red 0% 6.7% 6.7% 
Red edge 33.3% 6.7% 26.7% 
NIR 26.7% 40% 26.7% 
Irradiance normalisation + Empirical correction 
Green 0% 26.7% 40% 
Red 0% 0% 20% 
Red edge 60% 40% 20% 
NIR 40% 46.7% 46.7% 
Sensor-information-based calibration 
Green 6.7% 0% 0% 
Red 13.3% 40% 6.7% 
Red edge 6.7% 53.3% 0% 
NIR 6.7% 40% 0% 
Table A6. Reflectance consistency percentages of ground areas between different flight patterns in dataset 3. 
Correction Method Band Along vs. Cross Along vs. Grid Cross vs. Grid 
Empirical correction 
Green 0% 0% 0% 
Red 0% 13.3% 0% 
Red edge 0% 40% 6.7% 
NIR 0% 93.3% 0% 
Colour balancing + Empirical correction 
Green 0% 20% 0% 
Red 20% 0% 0% 
Red edge 26.7% 6.7% 26.7% 
NIR 0% 46.7% 0% 
Irradiance normalisation + Empirical correction 
Green 0% 0% 0% 
Red 6.7% 6.7% 0% 
Red edge 40% 40% 33.3% 
NIR 0% 60% 0% 
Sensor-information-based calibration 
Green 0% 20% 0% 
Red 0% 0% 0% 
Red edge 0% 73.3% 0% 
NIR 0% 6.7% 0% 
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Appendix B. Box-and-Whisker Comparison Results of Banana Datasets 
Table B1. Consistency assessment results from the box-and-whisker plot comparison between two temporally 
close flights. 
Correction Method Band Canopies Ground 
Empirical correction 
Green 46.7% 30% 
Red 60% 20% 
Red edge 66.7% 20% 
NIR 100% 100% 
Colour balancing + Empirical correction 
Green 46.7% 20% 
Red 40% 30% 
Red edge 66.7% 20% 
NIR 73.3% 30% 
Sensor-information-based calibrated surface reflectance 
Green 33.3% 0% 
Red 20% 0% 
Red edge 13.3% 0% 
NIR 0% 0% 
Sensor-information-based calibrated arbitrary surface radiance 
Green 73.3% 20% 
Red 66.7% 30% 
Red edge 26.7% 40% 
NIR 40% 40% 
Appendix C. supplementary materials 
All the Python scripts which are used in this thesis are published on user’s GitHub with MIT 
licenses. Readers can find it at: https://github.com/dobedobedo 
